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ABSTRACT  
 
Most lifestyle interventions fail at instilling behavioral maintenance. This is likely a 
result of interventions being based on suboptimal theories, the majority of which focus 
exclusively on determinants of behavioral intentions. These theories and interventions based on 
them are limited in their ability to explain and promote, respectively, behavioral initiation and 
maintenance. First, fewer than 50% of people translate their intentions into behavior; second, 
only mechanisms of initiation are specified while mechanisms of maintenance are neglected. 
Thus, more basic, theoretical work regarding mechanisms of behavioral initiation (i.e. 
moderators of the intention-behavior relationship) and maintenance is required to advance health 
practices. The purpose of the present line of research was to (1) evaluate a contemporary 
theoretical framework—the Integrated Behavior Change Model (IBCM)—that claims to better 
account for behavioral initiation, which requires more research evidence; and (2) to propose and 
test the utility of an extension to the IBCM to more fully account for mechanisms of behavioral 
maintenance, within the context of exercise. A secondary purpose of the present study was to test 
whether mechanisms of behavioral engagement vary for people who are just starting to exercise 
(i.e., initiators) versus those who have been exercising from some time (i.e., maintainers). 
Results supported hypotheses that the original IBCM would be more relevant for initiators versus 
maintainers, but counter to hypotheses, the ICBM did not do a better job at predicting behavior 
than its theoretical predecessor - the Theory of Planned Behavior. Assessment of the extension of 
the IBCM with maintainers revealed that identity was a stronger predictor of behavior than habit 
and that identity was particularly important when people’s routines varied from day-to-day, as 
expected. These results highlight the continued need for theoretical refinement and development 
in the field of Health Psychology applied to behavior change interventions.
1 
CHAPTER 1. INTRODUCTION  
 
Exercise is medicine. In addition to preventing the occurrence of disease, it also improves 
the quality of life and lessens symptoms for the chronically ill (Kyu et al., 2016). Unfortunately, 
the majority of adults do not engage in enough exercise to reap these benefits (Centers for 
Disease Control, n.d.b). In light of this, researchers have frequently targeted exercise in behavior 
change interventions. However, behavior change that occurs as a result of interventions is limited 
and changes are not sustained long-term (i.e., post-intervention; Wood & Neal, 2016). This 
indicates that researchers do not have the right tools to target behavioral maintenance. Below, the 
relevant aspects of the literature are reviewed. Specifically, the dominant theoretical approach in 
health psychology (i.e., social cognitive frameworks) and the associated drawbacks of utilizing 
said approach for predicting and targeting behavior change are discussed. Next, a recent 
theoretical improvement on social cognitive frameworks is introduced – the Integrated Behavior 
Change Model (Hagger & Chatzisarantis, 2014). Preliminary research that has supported the 
utility of this model for predicting behavior is also presented. 
Although the Integrated Behavior Change Model makes several theoretical improvements 
upon the traditional social cognitive framework, more research is needed to evaluate the model, 
given its youth, and mechanisms of behavioral maintenance have not yet been included in the 
model. Thus, the overall goal of this research was to test this newer and improved theory and 
propose and test an extension of the theory to account for behavioral maintenance. A two-week 
prospective study was conducted to test the following overarching research questions: (1) is the 
Integrated Behavior Change Model useful for predicting exercise in initiators?, and (2) is the 
proposed extension of the Integrated Behavior Change Model – to include habit and identity as 
mechanisms of behavioral maintenance – useful for predicting exercise in maintainers. 
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Benefits of Physical Activity 
Engagement in sufficient levels of physical activity is important for protecting both 
physical and mental health (Kyu et al., 2016). The World Health Organization recommends a 
minimum of 600 metabolic equivalent (MET) minutes of total activity per week (World Health 
Organization, 2010). This is equivalent to approximately 150 minutes of moderate activity (e.g., 
brisk walking) or 75 minutes of vigorous activity (e.g., running or jogging) per week, with 
greater benefits being obtained at 300 minutes of moderate activity or 150 minutes of vigorous 
activity (Centers for Disease Control, n.d.a; World Health Organization, 2010). A recent meta-
analysis reported that higher levels of physical activity are related to a lower risk of breast 
cancer, colon cancer, type 2 diabetes, ischemic (i.e., restriction of blood and, in turn, oxygen 
supply) heart disease, and ischemic stroke (Kyu et al., 2016). 
In addition to lowering the risk of disease occurrence, physical activity engagement also 
improves the quality of life for individuals who are already affected by chronic illness. For 
example, regular physical activity has been shown to improve quality of life in patients with 
cancer, type 2 diabetes, and heart failure (Colberg et al., 2010; Haas & Kimmel, 2011; van Tol, 
Huijsmans, Kroon, Schothorst, & Kwakkel, 2006). Moreover, engagement in regular physical 
activity is a protective factor for mental health. Regular activity improves overall mood, and 
recent meta-analyses have shown that physical activity reduces symptoms associated with 
anxiety and depression at both clinical and non-clinical levels (Penedo & Dahn, 2005; Rebar, 
Stanton, Geard, Short, Duncan & Vandelanotte, 2015; Rosenbaum, Tiedemann, Sherrington, 
Curtis & Ward, 2014). Further, adequate physical activity improves cognitive function, not only 
in community samples and the elderly, but also in individuals with Parkinson’s and Alzheimer’s 
disease (David et al., 2015; Kirk-Sanchez & McGough, 2014; Vidoni et al., 2015; Yang et al., 
2015). 
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Prevalence of Physical Activity and the Triangular Relapse Pattern  
Considering the wealth of benefits associated with physical activity, it is disheartening 
that 79% of American adults do not meet the minimum recommendations (Centers for Disease 
Control, n.d.b). In light of this, researchers have attempted to promote physical activity using 
theoretically based interventions. Despite the goal of many interventions being long-term 
maintenance – as short-term changes are unlikely to lead to the substantial benefits (Artinian et 
al., 2010) – the majority of interventions have been unsuccessful for promoting even short-term 
health behavior change, let alone maintenance (Mantzari, Vogt, Schemilt, Wei, Higgins, & 
Marteau, 2015; McEwan, Rhodes, & Beauchamp, 2020; Wood & Neal, 2016). 
If behavior change is observed over the intervention period, the pattern of change often 
observed is termed the triangular relapse pattern, as graphing behavioral frequency pre-
intervention, during the intervention period, and post intervention creates a triangle shape with 
the peak of behavior being during the active intervention period (McEwan, Rhodes, & 
Beauchamp, 2020; Wood & Neal, 2016). That is, participants significantly change behavior 
during the intervention period before returning to their original behavior post-intervention. For 
example, research using financial incentives to increase gym visitation or to encourage weight 
loss have been successful at changing initial outcomes, but these effects dissipate post 
intervention (Charness & Gneezy, 2009; Vlopp John, Troxel, Norton, Fassbender, & 
Loewenstein, 2008). Additionally, a meta-analysis of self-education interventions to promote 
glycemic control in patients with type 2 diabetes found an immediate intervention effect that 
dissipated over time (Norris, Lau, Smith, Schmid, & Engelgau, 2002). 
 
 
4 
The Social Cognitive Framework 
The ineffectiveness of health promotion interventions extends past financial incentives 
and education efforts to those that focus on social cognitive variables as agents of change – the 
most commonly used framework in Health Psychology (Cardinal, 2014; Phillips, Chamberland, 
Hekler, Abrams, & Eisenberg, 2016; Rhodes, McEwan, & Rebar, in press). These frameworks 
include the Theory of Reasoned Action (Figure 1), the Theory of Planned Behavior (Figure 1), 
Protection Motivation Theory (Figure 2), the Health Belief Model (Figure 3) and the 
Transtheoretical Model (Figure 4; Ajzen, 1991; Ajzen & Fishbein, 1980; Prochaska & Velicer, 
1997; Rogers & Prentice-Dunn, 1997; Rosenstock, 1966). In general, this approach specifies that 
people form behavioral expectancies, which influence their intention to act and, in turn, intention 
then influences behavior (Rhodes et al., in press). For example, in a randomized intervention 
targeting variables from the Theory of Planned Behavior that should predict behavioral intention, 
participants received a persuasive message targeted at shifting attitudes, social norm beliefs, or 
perceived control beliefs (Sniehotta, 2009). Only the intervention targeted at social norm beliefs 
influenced intention to attend a gym, and these intentions did not lead to actual attendance. 
Similarly, Kinmonth and colleagues (2008) found that a yearlong intervention targeting Theory 
of Planned Behavior variables had no impact on energy expenditure in comparison with an 
education-only control group. The failure of social cognitive frameworks to predict behavior is 
not limited to the Theory of Planned Behavior (Hagger & Weed, 2019). The problem with 
instilling long-term behavioral change is pervasive and is found across a variety of health 
domains and social-cognitive theories. For example, a meta-analysis of longitudinal assessments 
of the Health Belief Model for behaviors such as smoking, drug use, mammograms, condom use, 
vaccine uptake, calcium consumption, and physical activity revealed weakening relationships 
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between the theoretical constructs and behavior over time (Carpenter, 2010). Although long-term 
follow-ups of social cognitive intervention outcomes are sparse (e.g., Sniehotta, 2009: 2 months; 
Kinmonth et al., 2008: 1 year), it is unlikely that these result in long-term behavior change given 
the minimal effectiveness of these interventions on even short-term outcome assessments. For 
instance, a meta-analysis by Sheeran and colleagues (2016) found that interventions that target 
attitudes, subjective norms, or perceived behavioral control (i.e., the Theory of Planned 
Behavior) only engender small to medium changes in behavior (d = .36 - .47). This effect was 
not amplified in interventions that targeted multiple cognitions. 
Due to the complexity of behavior change, psychologists have only been able to make 
minimal advances in understanding how to change behavior. Interventions based on social 
cognitive theories do marginally better than atheoretical interventions, at least in the 
methodological sense that mechanisms of change are specified and can be replicated (Nielsen et 
al., 2018), but effects even in the short-term are small and long-term effects are likely null (e.g., 
Sniehotta, 2009: 2 months; Kinmonth et al., 2008: 1 year).  
This dissertation proposes that advancing theory is critical for improving our 
understanding of behavior and our ability to change behavior in the short- and long-term. First, 
there is room for improvement in changing behavior initially. Specifically, social cognitive 
frameworks generally discount moderating effects of the intention-behavior relationship, which 
is problematic given that a goal to engage in a behavior does not equate to behavioral enactment 
(Rhodes & Dickau, 2012). Secondly, regarding both initial engagement and long-term 
maintenance, current theories – including social cognitive frameworks – exclude impulsive or 
non-conscious processes (Strack & Deutsch, 2004). Dual-process or “multi-process” researchers 
posit that these automatic/impulsive processes are important to account for during both phases of 
6 
behavior change (Rothman, 2009). This is especially important given that past research has 
found that impulsive processes have an influence on behavior over and above conscious 
processes (Rebar, Dimmock, Jackson, Rhodes, Kates, Starling, & Vandelanotte, 2016). Third, 
specifically pertaining to maintenance, theory should be advanced to better account for long-term 
behavioral change. To date, the majority of social cognitive frameworks have simply defined 
maintenance as sustained behavioral engagement that is predicted by the same precursors of 
initiation, such as self-efficacy for enacting a behavior (Rothman, Baldwin, & Hertel, 2004). The 
present line of research proposes that specifying mechanisms of maintenance within social 
cognitive theories is important given that focusing solely on initiation factors specifies a one-
size-fits-all model and subsequent intervention (Schwarzer, 2008a; Schwarzer, 2008b). To this 
end, both identity and habit are proposed as mechanisms of maintenance, specifically within the 
Integrated Behavior Change Model (Hagger & Chatzisarantis, 2014). However, it is important to 
note that if habit and identity are found to be useful mechanisms of maintenance, then this 
extension should be applicable to other social cognitive frameworks as well (see Figures 1-4). 
Intention-behavior gap 
Social cognitive models of health behavior change rely on the assumption that intention 
to engage in a behavior directly causes action to occur (e.g., Theory of Planned Behavior: Ajzen, 
1991; Theory of Reasoned Action: Ajzen & Fishbein, 1980; Health Belief Model: Rosenstock, 
1966; and Protection Motivation Theory: Rogers & Prentice-Dunn, 1997). A synthesis of meta-
analyses found a large correlational effect (sample weighted r = .53). between intentions and 
behavioral initiation (Sheeran, 2002). Moreover, intentions surpass other cognitions such as 
attitudes, subjective norms, perceived behavioral control, and risk perception as predictors of 
behavior in observational studies (McEachan, Conner, Taylor, & Lawton, 2011). 
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In contrast to observational studies, Rhodes and Dickau’s (2012) meta-analysis of 
physical activity interventions found a weak relationship between intentions and behavior. The 
authors suggest that the relationship between intention and behavior highlights the impracticality 
of simply targeting intention formation in behavioral-change interventions (also see Webb & 
Sheeran, 2006). That is, social cognitive models often fall short in terms of predicting behavioral 
enactment and in terms of providing an appropriate target mechanism for promoting behavioral 
action. Specifically, the social cognitive variables included in the Theory of Planned Behavior 
(Ajzen, 1991), Transtheoretical Model (Prochaska & Velicer, 1997), and Protection Motivation 
Theory (Rogers & Prentice-Dunn, 1997) have been shown to predict profiles of behavioral 
planning (i.e., intention) but not behavioral control (i.e., behavior: initiation or maintenance; 
Rhodes, Plotnikoff, & Courneya, 2008). 
The intention-behavior gap has been robustly observed as it has been documented that 
intentions are only translated into action approximately 50% of the time (Sheeran & Webb, 
2016). Therefore, the intention-behavior relation has been divided into four profiles: (1) intend to 
act and engage in action, (2) intend to act and do not engage in action, (3) do not intend to act 
and engage in action, and (4) do not intend to act and do not engage in action (Sheeran, 2002; 
Orbell & Sheeran, 1998). Inclined abstainers, individuals who intend to act but fail to do so, are 
likely responsible for the intention-behavior gap (Sheeran & Web, 2016). For example, in a 
randomized controlled trial, Theory of Planned Behavior variables (i.e., subjective norms, 
attitudes, and perceived behavioral control; Ajzen, 1991) predicted intention to increase walking, 
but they did not predict objectively measured walking behavior (Williams, Michie, Dale, 
Stallard, & French, 2015). This failure to act on one’s intentions can be due to many unforeseen 
barriers such as forgetting one’s intention, failing to prepare to engage in a behavior, or missing 
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opportunities for action. To that end, theoretical models of health behavior change should 
include moderators of the intention-behavior gap. That is, understanding when intention gets 
translated into action – or the best means of translating intention into action – is important not 
only from a predictive standpoint, but also from an intervention standpoint. 
Overlooking maintenance 
A second issue facing social cognitive theories is the exclusion of a behavioral 
maintenance phase and mechanisms of maintenance. Specifically, maintenance is defined within 
social cognitive frameworks simply as continued behavioral engagement over time (Rothman et 
al., 2004). This prescribes a one-size-fits-all theory and intervention strategy that does not take 
the stage of behavioral change or past behavior into account (Prochaska & DiClemente, 1982; 
Rothman, 2000; Schwarzer, 2008). However, this theoretical conceptualization is not supported 
by research, as individuals who initiate behavior do not always sustain behavioral patterns over 
time (triangular relapse pattern; Rothman, 2000; Wood & Neal, 2016). This is not surprising 
given that initiation factors are known to differ from predictors of behavioral maintenance (Fleif, 
Pomp, Schwarzer, & Lippke, 2013; Phillips et al., 2016; Rothman, 2009; Rothman, Sheeran, & 
Wood, 2009). Specifically, others have extended various social cognitive theories, such as the 
Commonsense Self-Regulation (of illness) Model, to include facets of maintenance (i.e., 
behavioral habit; Phillips, Leventhal, & Leventhal, 2013) and have shown that mechanisms of 
behavior differ for initiators versus maintainers (e.g., the role of intrinsic motivation in predicting 
exercise is via intentions for initiators but via habit strength for maintainers; Phillips et al., 2016). 
Additionally, a meta-theory organizing reflective and impulsive constructs that are important to 
physical activity – specifically, the multi-process action control framework (Rhodes, 2017), 
which divides physical activity behavior change into intention, initiation, and maintenance 
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phases, has specified both identity and habit as predictors of behavioral maintenance but not 
initiation. This highlights how social cognitive frameworks have overlooked known mechanisms 
of maintenance and do not account for the changes that occur within individuals who repeat 
behavioral enactment (i.e., people who maintain a behavior over an extended period of time). 
These maintenance factors include identity formation and acquiring automaticity (habit strength) 
in the instigation of a behavior (i.e., habit; Gardner, Phillips, & Judah, 2017; Phillips & Gardner, 
2016; Rhodes, Kaushal, & Quinlan, 2016). 
Overlooking dual-processes 
The idea that behavior can be multi-determined has been long recognized in psychology, 
yet this is not represented in classic social cognitive frameworks (e.g., Baumeister & Bargh, 
2014; Strack & Deutsch, 2004). Dual-process models of behavior include conscious or 
reflective/controlled (referred to as reflective from this point on) processes as well as sub-
conscious or impulsive/automatic processes (referred to as impulsive from this point on). It 
should be noted that any process likely varies in terms of its degree of reflectivity and 
impulsivity (i.e., multi-process; Melnikoff & Bargh, 2018). Social cognitive frameworks of 
health behavior change have been focused entirely on reflective determinants of behavior 
(Rhodes, McEwan & Rebar, in press). This is problematic considering the strong evidence that 
the reflective processes specified in social cognitive frameworks are weak predictors of behavior 
(Rebar et al., 2016; Rhodes & Dickau, 2012; Webb & Sheeran, 2006). 
Contrary to social cognitive frameworks, reflective and impulsive processes are 
theoretically supposed to operate in parallel insofar as both systems can be active simultaneously 
and compete for control (Strack & Deutsch, 2004). For example, the decision to eat a bag of 
chips as an afternoon snack may be triggered impulsively by behavioral cues (e.g., being hungry) 
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or could be inhibited by reflective processes (e.g., the goal to eat healthier). Although 
theoretically both processes may be activated concurrently, there is asymmetry insofar as the 
reflective system may be disengaged whereas the impulsive system is always activated (Strack & 
Deutsch, 2004). For example, individuals unknowingly eat more when they are served larger 
portion sizes or when food is more readily accessible (Cohen & Farley, 2008). 
Reflective processes elicit behavioral enactment through conscious decision-making 
(Strack & Deutsch, 2004). Specifically, the pros and cons of performance are weighed to make a 
decision regarding action or inaction (i.e., intention). Once an intention is formed, the reflective 
system monitors the impulsive system for an opportunity to engage in said behavior (i.e., the 
behavioral decision is automatically reactivated). This process presumes that a temporal gap 
between intention formation and possible points for behavioral enactment exists. For the 
reflective system to gain control of behavior, a high amount of cognitive capacity and self-
regulatory resources are required (Baumeister, Schmeichel, & Vohs, 2007; Strack & Deutsch, 
2004). Self-regulatory resources are used to make behavioral decisions and are theoretically 
supposed to be in limited supply and can be dwindled by depleting events such as exerting self-
control in terms of emotional suppression or forcing oneself to engage in, or avoid engaging in, a 
given behavior (Baumeister et al., 2007). Therefore, the reflective system is restricted during 
times in which individuals are distracted or are experiencing extremely high (e.g., fight-or-flight) 
or low levels (e.g., physical fatigue) of arousal. Using daily diary research as an example, 
individuals who report being ego-depleted when making exercise-related intentions intend to 
exercise less on the subsequent day than when they report lower levels of ego-depletion (i.e., 
lower levels of self-regulatory resources; Rebar, Dimmock, Rhodes & Jackson, 2018). 
Additionally, in experimental research, ego-depleted individuals (i.e., those who complete a 
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mismatched Stroop color-word task) exert less energy in exercise sessions and exhibit less 
exercise adherence prospectively in comparison with control participants (i.e., those who 
complete a matched Stroop color-word task; Martin Ginis & Bray, 2010). This ultimately leads 
to the attenuation of the intention-behavior relationship. 
Theoretically, unlike the reflective system, the impulsive system should not be limited by 
cognitive capacity or availability of self-regulatory resources (Strack & Deutsch, 2004). 
Therefore, the impulsive system should be able to overtly control behavior even under 
suboptimal conditions such as high arousal, low arousal, distraction, or resource-depletion. For 
example, this premise has been experimentally supported in the domains of prosocial helping 
behavior and dietary restraint (Hofmann, Rauch, & Gawronski, 2007; Xu, Bègue, & Bushman, 
2012). That is, individuals who are ego-depleted exhibited less prosocial helping behavior (i.e., 
donating to an AIDs charity) and ate more candy. Importantly, these behaviors were related to 
implicit but not explicit ratings of guilt (i.e., prosocial study) and attitudes towards candy (i.e., 
dietary restraint study). Additionally, individuals who are working (i.e., are occupied with a task) 
unknowingly eat more when a candy dish is within reaching distance of their desk versus when 
the dish is less accessible (Cohen & Farley, 2008). 
Considering the strong evidence that reflective factors exhibit a weak effect on physical 
activity behavior, there have been calls to action for health researchers to incorporate impulsive 
processes into behavior change theories and interventions (Rebar et al., 2016). This is especially 
important considering that impulsive factors account for a moderate to large proportion of the 
variance in physical activity behavior (d = 0.67; Rebar et al., 2016), which remains significant 
even after accounting for reflective processes (e.g., intentions, perceived behavioral control, 
attitudes, and subjective norms; Theory of Planned Behavior; Ajzen, 1991). 
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Habit  
Habits can be categorized as a type of impulsive process under dual-process models and 
approximately 45% of daily behaviors can be characterized as habitual (Wood, Quinn, & Kashy, 
2002). Habits are learned context-behavior associations that develop with the repeated pairing of 
the context followed by the behavior (Gardner, 2015). Therefore, habits – and impulsive 
processes in general – are slow to form, but they are relatively long-lasting, so long as the 
habitual cue remains present (Strack & Deutsch, 2004). Thus, habits are likely better targets for 
behavioral maintenance than intentions, as they are more resistant to concurrent levels of stress, 
motivation quality, or explicit goals (Strack & Deutsch, 2004; Wood & Neal, 2007). 
Habits can form under a variety of conditions (Wood & Neal, 2007). First, with regards 
to non-complex behaviors, habit learning can form in the absence of reflective goals so long as a 
behavioral response is routinely paired with a contextual cue. For example, when putting on 
running shoes an individual may consistently tie the laces on the left shoe before the right shoe. 
Second, regarding more complex behaviors, goals can direct habit formation. For example, an 
individual who has the goal to lose weight may exercise every morning after eating breakfast. 
Eventually, the cue of breakfast ending will trigger the automated response of preparing to 
engage in exercise, which will not rely on the continued presence of the goal to lose weight but 
instead would rely on the goal of engaging in exercise for intrinsically motivated reasons (Phillip 
et al., 2019). Importantly, habits predict behavior above and beyond past behavioral engagement 
suggesting that habits are a viable intervention target for translating initial action into sustained 
action (i.e., maintenance; Gardner & Lally, 2013). That is, when a behavior becomes habitual it 
is much more likely to be maintained.  
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Habits and behavioral maintenance 
Although researchers have identified habitual action as a long-lasting process that is well-
suited for promoting behavioral maintenance (Strack & Deutsch, 2004; Wood & Neal, 2007), it 
should be noted that cue-response relationships can be disrupted and are not impervious to short 
or long-term contextual changes. For example, working adults who go on vacation have their 
gym attendance habit disrupted post-vacation (Fredslund & Leppin, 2019). Additionally, Acland 
and Levy (2015) found that university students’ exercise habits were disrupted by a mid-
semester break. In light of this evidence, it appears that even short-term disruptions of the cue-
behavior relation can lead to long-lasting impacts on behavioral maintenance. 
When considering long-term disruptions, Wood and colleagues (2005) found that 
contextual similarity mattered more for continued exercise engagement for students who had 
strong habits in comparison with students who had weak habits when they transferred to a new 
university. That is, for individuals with strong exercise habits the similarity in contextual cues 
mattered for continued performance (Wood, Tam & Witt, 2005). Specifically, individuals 
maintained strong exercise habits if they exercised in a similar location (e.g., home or at the 
gym). With this evidence in mind, it is clear that predictors of behavioral maintenance that are 
more resilient to contextual changes should also be taken into account within theories of 
behavior change to better inform subsequent intervention techniques (i.e., either to supplement 
habit interventions or in lieu of habit interventions for certain populations). This is especially 
important given the many contextual changes that individuals encounter in their lifespan (e.g., 
attendance at a new school, graduating from university, starting a new job, entering retirement, 
etc.) and the importance of sustaining physical activity for both physical and mental health (e.g., 
Kyu et al., 2016). 
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Identity  
Considering that habits can be disrupted by even short-term changes in one’s context, 
more robust strategies for behavioral maintenance are needed. One such mechanism is likely 
identification with a behavior or feeling that a behavior is an important part of one’s self-
concept. In any given moment, the quantity of information available in the environment exceeds 
our capacity for attention and processing (Markus, 1977). Individuals’ self-identification into 
identities act as a filter to determine what information is noticed and remembered, what 
situational-inferences are made, and what determines individuals’ behavior. Individuals’ self-
categorizations or identities are assimilated into the self and are considered both an impulsive 
and reflective cognitive construct (Stets & Burke, 2000; Strachan, Brawley, Spink, & Jung, 
2009). That is, an individual does not need to be deliberately contemplating their self-conception 
for their identity to have an impact on their attention, processing, inferences, and behavior 
(Markus, 1977; Strack & Deutsch, 2004). This is not to say that individuals are not aware of and 
cannot reflect on their identities (Fazio & Olsen, 2003). The activation and influence of identity 
is strengthened and becomes progressively resistant to change as the individual accumulates 
identity-related experiences (Markus, 1977; Strack & Deutsch, 2004). That is, individuals with 
strong identities display identity-behavior correspondence and consistency across situations.  
Identity theory 
Identity theory posits that identities are a result of individuals’ self-categorization in 
addition to the incorporation of associated standards of performance into the self (Burke & Tully, 
1977; Stets & Burke, 2000). Individuals’ definition of an identity and subsequent personal 
standards for performance are subject to variation (Strachan et al., 2009).  
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According to identity theory, there is a probability that any given context will activate an 
identity (i.e., salience) and a probability that the behavior associated with the identity will be 
performed (i.e., activation; Stets & Burke, 2000). The more important an identity is to the sense 
of self (i.e., centrality) and the more salient an identity is, the more likely it is that the identity 
will be activated and behavioral performance will occur (Stryker, 1980; Stryker & Serpe, 1982). 
However, not all contexts will be perceived as appropriate for behavioral enactment even if the 
associated identity is salient, which results in a temporal gap between identity salience and the 
performance of behavior (Strack & Deutsch, 2004). Therefore, an identity that becomes salient 
without being activated in a situation may be automatically re-activated in a subsequent 
appropriate context. That is, identities help individuals regulate their behavior by encouraging 
identity-consistent behavioral engagement (Burke, 2006). Behaving in ways that are consistent 
with one’s identity results in positive affect and strengthening of their identity (Higgins, 1987; 
Stets & Burke, 2000; Stryker & Burke, 2000). If an individual acts incongruently with their 
identity (e.g., ‘I have not exercised at all this week’), they will experience negative affect and in 
turn be motivated to bring their behavior in line with their identity (Higgins, 1987; Stets & 
Burke, 2000). 
Exercise identity 
Exercise identity has been consistently linked to exercise behavior in both university and 
community samples. Specifically, there is a moderate relationship between identity and exercise 
behavior (meta-analysis: r = .44; Rhodes et al., 2016). Exercise identity predicts minutes of 
weekly exercise, exercise frequency, exercise maintenance (i.e., number of weeks engaged in 
exercise), and perceived exertion when exercising (Anderson, Cychosz, & Franke, 1998; Miller, 
Ogletree, & Welshimer, 2002; Storer, Cychosz, & Anderson, 1997; Wilson & Muon, 2008). 
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Similar to any identity, exercise identities develop through past experiences (i.e., 
behavioral engagement; Stryker & Burke, 2000). Thus, like habit, “the foundational basis in past 
behavior may make [identity] an essential construct in understanding behavioral maintenance” 
(p. 206 Rhodes et al., 2016). Other aspects – beyond past behavior – for promoting exercise 
identity formation are relatively understudied. However, Kendzierski and Morganstein (2009) 
found that enjoying exercise was an important antecedent of exercise identity development. 
Additionally, Vlachopoulos and colleagues (2011) reported that intrinsic motivation, or 
enjoyment, was a strong predictor of exercise identity and that identity was unrelated to external 
motivation (e.g., exercising to please others). These relationships make sense theoretically when 
considering that intrinsic motivation affords the most opportunity for the continued behavioral 
engagement that is a pre-requisite of identity formation (Kendzierski & Morganstein, 2009; 
Rhodes et al., 2016; Teixeira, Markland, Silva & Ryan, 2012; Teixeira et al., 2015). That is, in 
theory, intrinsic motivation should predict greater behavioral engagement and persistence – as 
compared to less self-determined forms of motivation (Deci & Ryan, 2008; Ryan & Deci, 2000); 
and this has been supported empirically by previous literature (e.g., Teixeira et al., 2012; 
Teixeira et al., 2015). 
Context stability 
Both habit and identity have been specified as important determinants of behavioral 
maintenance in previous research (Gardner, de Bruijn & Lally, 2011; Rhodes, 2017; Rhodes et 
al., 2016; Stets & Burke, 2000; Wood & Neal, 2007). However, to date, these mechanisms of 
maintenance have yet to be integrated into social cognitive frameworks of health behavior. 
Additionally, identity and habit have not been simultaneously assessed, such as with regard to 
their relative contribution to behavioral maintenance, or with regard to their respective 
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development, influence on each other, and influence on behavioral outcomes. Lastly, 
understanding whether habit and identity influence behavior under different conditions is 
important not only for predictive theoretical models but also to understand whether it is 
necessary to target both of these components in behavioral interventions – a decision which 
could be costly in terms of time and resources if identity and habit do not exert a unique 
influence on behavior.  
Therefore, I propose that context stability – the degree to which an individual’s daily and 
weekly routine varies – is an important modifier of how strongly habit and identity predict 
exercise for maintainers. The foundational basis of habitual action is that the presence of a cue 
elicits a paired behavioral response irrespective of current goal states, stress, energy, or 
motivation (Strack & Deutsch, 2004; Wood & Neal, 2007). Therefore, habit is likely a stronger 
predictor of behavioral maintenance for individuals whose contexts are less varied. That is, 
stable contexts afford more opportunities for habit learning and subsequent habitual action, as 
individuals are more likely to encounter the same cues on a regular basis. On the other hand, the 
foundational basis of identity is that individuals’ personal standards for their behavioral 
performance guides their behavior (Strachan et al., 2009). Thus, identity is likely a stronger 
predictor of behavioral maintenance for individuals whose contexts are more varied from day-to-
day and from week-to-week (i.e. for those who cannot rely on habit to maintain behavior). 
Specifically, exercisers who are embedded in unstable contexts are less likely to encounter the 
same cues on a regular basis. Thus, exercise habit formation and execution are less likely. This is 
not to say that identity may not play a role for individuals who are embedded in more stable 
contexts. However, identity may not be needed to enact habitual - or easy to enact - behaviors.  
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Additionally, identity is likely a protective factor for individuals with exercise habits who 
experience short- or long-term changes in their context or context stability (such as when 
transitioning to a new house or job or when going on vacation). These short- and long-term 
changes have been shown to make habitual behaviors more difficult to sustain (e.g., Fredslund & 
Leppin, 2019; Wood et al., 2005). 
Integrated Behavior Change Model (IBCM)  
Some dual-process models of health behaviors exist and are beginning to be used as 
foundations for research. This is beneficial given that behaviors are multi-determined by both 
reflective and impulsive factors (Rebar et al., 2016; Strack & Deutsch, 2004). The Integrated 
Behavior Change Model (IBCM) is one such model, which is starting to gain support in the 
literature (Figure 5; Hagger & Chatzisarantis, 2014). The IBCM (Figure 5) is an extension of the 
Theory of Planned Behavior (Ajzen, 1991; i.e., subjective norms, attitudes, and perceived 
behavioral control; Figure 1) that adds autonomous motivation, implicit attitudes, implicit 
motivation, and action planning to predict intention and, in turn, behavior. Basic support for this 
integrated theory has come from both simple behaviors such as sun-screen use and complex 
behaviors such as a fruit and vegetable consumption in college and community samples (Brown, 
Hagger, Morrissey, & Hamilton, 2018; Caudwell, Keech, Hamilton, Mullan, & Hagger, 2019; 
Hagger, Trost, Keech, Chan, & Hamilton, 2017; Hamilton, Kirkpatrick, Rebar, & Hagger, 2017; 
Shannon, Breslin, Haughey, Sarju, Neill, Lawlor, & Leavey, 2019). To date, the IBCM has not 
been tested with regard to physical activity outcomes. The IBCM includes reflective constructs 
and expands upon the Theory of Planned Behavior by including impulsive constructs, but it has 
not yet been empirically compared to its theoretical predecessor – the Theory of Planned 
Behavior (Ajzen, 1991) – in terms of its utility for predicting behavioral intention and 
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engagement. Therefore, this dissertation also assessed this important empirical question 
concerning the utility of theories for behavioral prediction. 
Reflective Processes 
Autonomous motivation 
Autonomous motivation comes from the humanistic tradition, which specifies that people 
are growth-orientated and act in ways that fulfill their basic needs (Deci & Ryan, 2008; Rhodes, 
et al., in press; Ryan & Deci, 2000). In this regard, motivation is thought to vary in terms of level 
of autonomy (i.e., enjoyment) for engaging in a behavior (Deci & Ryan, 2008; Ryan & Deci, 
2000). Specifically, from least to most autonomous, the five forms of motivation are external 
(engaging in behavior to appease another), introjected (engaging in behavior to avoid feeling 
guilty), identified (engaging in behavior because one values the outcomes), integrated (engaging 
in behavior because it is part of one’s self-concept), and intrinsic (engaging in behavior because 
it is perceived as enjoyable). 
In the IBCM, autonomous motivation is a direct predictor of attitude, subjective norms, 
and perceived behavioral control (Hagger & Chatzisarantis, 2014). It is hypothesized that 
individuals who have higher levels of autonomous motivation will also have stronger attitudes, 
stronger perceived subjective norms, and more perceived behavioral control. Additionally, it is 
hypothesized that the relation between autonomous motivation and intention will be mediated by 
attitudes, subjective norms, and perceived behavioral control (Figure 5). Regarding sugar 
consumption, fruit and vegetable consumption, pre-drinking behavior, sun safety behavior, and 
self-management of mental health, tests of the IBCM have supported the hypotheses concerning 
the direct relation between autonomous motivation on attitudes, subjective norms, and perceived 
behavioral control (Brown et al., 2018; Caudwell et al., 2019; Hagger et al., 2017; Hamilton et 
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al., 2017; Shannon et al., 2019). The meditational processes between autonomous motivation and 
intention as mediated by attitudes, subjective norms, and perceived behavioral control were also 
supported for sugar consumption, fruit and vegetable consumption, and sun safety behaviors 
(Brown et al., 2018; Hagger et al., 2017; Hamilton et al., 2017; Shannon, et al., 2019). However, 
in research on pre-drinking behavior, the relationship between autonomous motivation and 
intention was only mediated by attitudes (Caudwell et al., 2019). Additionally, there were no 
meditational effects concerning self-management of mental health (Shannon, et al., 2019). 
Explicit Attitude 
An attitude is the extent to which an individual feels favorably or unfavorably about an 
attitude object (e.g., exercise; Ajzen, 1991). In the IBCM, explicit attitudes are a direct predictor 
of behavioral intention (Hagger & Chatzisarantis, 2014). Additionally, the relationship between 
attitudes and behavior is hypothesized to be mediated by behavioral intentions (Figure 5). This 
direct relationship has been supported in the domain of sugar consumption, pre-drinking 
behavior, fruit and vegetable consumption, and sun safety behaviors (Brown et al., 2018; 
Caudwell et al., 2019; Hamilton, Kirkpatrick, Rebar, & Hagger, in press; Hagger et al., 2017; 
Shannon, et al., 2019). However, it was not supported in research examining self-management of 
mental health (Shannon, et al., 2019). The meditational process has been supported in research 
on sugar consumption (Hagger et al., 2017). However, this hypothesis has been rejected when 
examining fruit and vegetable consumption, pre-drinking behavior, and sun safety behaviors 
(Brown et al., 2018; Caudwell et al., 2019; Hamilton et al., 2017). 
Subjective norm 
A subjective norm is a social factor concerning the pressure that an individual perceives 
concerning whether they should engage in a behavior (Ajzen, 1991). In the IBCM, subjective 
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norms are a direct predictor of behavioral intention such that more perceived social pressure 
predicts greater intention formation (Hagger & Chatzisarantis, 2014). Additionally, in the IBCM, 
the relationship between subjective norms and behavior is hypothesized to be mediated by 
behavioral intentions (Figure 5). The direct and indirect hypotheses specified by the IBCM 
concerning subjective norms have been supported concerning sugar consumption (Hagger et al., 
2017). However, both the direct and indirect hypotheses have been rejected in research 
examining fruit and vegetable consumption, self-management of mental-health, and pre-drinking 
behavior (Brown et al., 2018; Caudwell et al., 2019; Shannon, et al., 2019). Additionally, 
research on sun safety behaviors has supported the direct effect on intention, but it has not 
supported the indirect effect on behavior as mediated by behavioral intentions (Hamilton et al., 
2017). 
Perceived behavioral control 
Perceived behavioral control refers to how easy or difficult an individual believes that 
behavioral performance will be, which is a result of previous attempts and/or perceived barriers 
(Ajzen, 1991). In the IBCM, perceived behavioral control is a direct predictor of behavioral 
intention (Hagger & Chatzisarantis, 2014). That is, the easier that people perceive behavioral 
enactment will be (personally), the more likely they will be to form behavioral intentions. 
Additionally, the relation between perceived behavioral control and behavior is thought to be 
mediated by intentions (Figure 5). The direct effect of perceived behavioral control on intentions 
has been supported in research examining fruit and vegetable consumption, self-management of 
mental health, and sun safety behaviors, but not in research examining sugar consumption or pre-
drinking behavior (Brown et al., 2018; Caudwell et al., 2019; Hagger et al., 2017; Hamilton et 
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al., 2017; Shannon, et al., 2019). The indirect relation concerning perceived behavioral control 
on behavior as mediated by intentions has not yet been supported. 
Intention 
Like the common social cognitive frameworks of behavior change, the IBCM specifies 
intention as a proximal predictor of behavior (Hagger & Chatzisarantis, 2014). Intentions are a 
goal to engage in a particular behavior that can vary in terms of strength. As previously 
discussed, intentions are not optimal predictors of behavioral enactment in and of themselves 
(e.g., Rhodes & Dickau, 2012), as evidenced by the intention-behavior gap. The relation between 
intention and behavior can be positive (e.g., increasing exercising) or negative (e.g., reducing 
sugar consumption) depending on the specified outcome. The relation between intention and 
behavior has been supported in observational research on sugar consumption, fruit and vegetable 
consumption, and sun safety behavior, but has been rejected in research examining pre-drinking 
behavior (Brown et al., 2018; Caudwell et al., 2019; Hagger et al., 2017; Hamilton et al., 2017). 
Action planning 
Action planning or implementation intentions (subsequently referred to as action 
planning) is one method that has been used to overcome the pervasive intention-behavior gap 
(Sniehotta, Schwarzer, Scholz, & Schüz, 2005). In light of this, action planning is specified as a 
moderator of the intention-behavior relationship in the IBCM (Hagger & Chatzisarantis, 2014; 
Figure 5). When creating action plans, people specify when, where, and how they will carry out a 
behavioral action. A meta-analysis found that action plan formation led to moderate-to-large 
changes in behavioral enactment (d = .65; Gollwitzer & Sheeran, 2006). The effect size did not 
significantly differ based on whether the study was observational (d = .70) or experimental (d = 
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.65), nor whether the behavioral outcome was measured using self-report (d = .63) or objective 
measures (d = .67). 
Creating action plans links goal-directed behaviors to environmental cues, which can 
facilitate impulsive/habitual action after repeated cue-behavior correspondence (Sniehotta et al., 
2005). A meta-analysis has shown that forming action plans leads to greater detection (d = .72), 
attention (d = .72), and memory (d = .87) for specified environmental cues (Gollwitzer & 
Sheeran, 2006). Further, creating and implementing action plans leads to more efficient 
recognition of behavioral cues (d = .85) without the need for reflective processing or intention. 
The hypothesis proposed by the IBCM, that action planning moderates the intention-behavior 
gap, has not been supported in research on sugar consumption, sun safety behaviors, or fruit and 
vegetable consumption (Brown et al., 2018; Hagger et al., 2017; Hamilton et al., 2017). 
Impulsive Processes 
Implicit attitudes 
Implicit attitudes are automatic appraisals of an attitude object (e.g., physical activity) as 
either pleasant or unpleasant, which can vary in strength (Rebar et al., 2016). An individual’s 
implicit attitude predisposes them to either approach or avoid the relevant attitude object. In the 
IBCM, implicit attitudes are a direct predictor of behavioral enactment (Hagger & Chatzisarantis, 
2014; Figure 5). The valence of this relation varies depending on whether the focus is on 
increasing or reducing behavioral enactment. This relation has been supported in research 
examining reductions in sugar consumption (Hagger et al., 2017). To my knowledge, this is the 
only empirical test of implicit attitudes within the theoretical framework of the IBCM. 
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Implicit motivation 
Implicit motivation is an individual’s automatic trait-like tendency to either perform a 
behavior for reasons external to the self (i.e., controlled motivation: appearance or financial 
incentives) or for reasons internal to the self (i.e., autonomous motivation: having fun or feeling 
competent; Hagger & Chatzisarantis, 2014; Figure 5). This differs from implicit attitudes as 
implicit motivation is not specific to any given behavior. In the IBCM, implicit motivation is a 
direct predictor of behavioral enactment. Based on my review of the relevant literature, it appears 
that implicit motivation has not been included in any test of the IBCM. 
Research Overview and Hypotheses  
The purpose of this dissertation is to propose an extension of the Integrated Behavior 
Change Model (IBCM; Hagger & Chatzisarantis, 2014) to more fully account for mechanisms of 
behavioral maintenance (Figure 6). Specifically, both self-identity and habit, which have been 
previously shown to be related to behavior maintenance (r > .44) were added to the theory 
(Gardner et al., 2011; Rhodes et al., 2016). 
The central hypotheses were pre-registered on the Open-Science Framework 
(https://osf.io/cq89v/) and included that (1) the relationship between habit and behavior would be 
moderated by context stability for maintainers. Thus, the relationship between habit and behavior 
would be stronger when individuals are embedded in stable contexts. (2) the relationship 
between identity and behavior would be moderated by context stability for maintainers. Thus, the 
relationship between identity and behavior would be stronger when individuals were embedded 
in less stable contexts. Additionally, it was hypothesized that (3) the original IBCM would be 
supported for initiators (see Table 1; Figure 5), (4) the original IBCM would more accurately 
reflect the antecedents of behavior for initiators compared with maintainers, (5) the extended 
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portion of the IBCM would be supported for maintainers (see Table 1; Figure 6), and (6) the 
extended portion of the IBCM would more accurately reflect the antecedents of behavior for 
maintainers compared with initiators. Further, it was hypothesized that (7) the original IBCM 
would predict behavior significantly better than the Theory of Planned Behavior in initiators the 
group for whom these theories are the most relevant. A prospective two-week observational 
study was used with physical activity being assessed over time.  
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Figure 1. The Theory of Planned Behavior and the Theory of Reasoned Action. 
Note. The Theory of Planned Behavior is a theoretical extension of the Theory of Reasoned 
Action that adds perceived behavioral control as a proximal predictor of intention. 
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Figure 2. Protection Motivation Theory. 
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Figure 3. Health Belief Model. 
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Figure 4. Transtheoretical Model.  
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Figure 5. The Integrated Behavior Change Model.  
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Figure 6. The theoretical extension of the Integrated Behavior Change Model. 
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Table 1  
Predictions 
Predictions Independent Variable Dependent Variable Mediator(s)/ 
Moderators(s) 
Prediction 
The Integrated Behavior Change Model (For Initiators) 
Direct Effects 
1 Autonomous Motivation Attitude - Effect (+) 
2 Autonomous Motivation Subjective Norm - Effect (+) 
3 Autonomous Motivation Perceived Behavioral 
Control 
- Effect (+) 
4 Attitude Intention - Effect (+) 
5 Subjective Norm Intention - Effect (+) 
6 Perceived Behavioral Control Intention - Effect (+) 
7 Intention Behavior - Effect (+) 
8 Implicit Attitude Behavior - Effect (+) 
9 Implicit Motivation Behavior - Effect (+) 
Mediation Effects 
10 Autonomous Motivation Intention Attitude Effect (+) 
11 Autonomous Motivation Intention Subjective 
Norm 
Effect (+) 
12 Autonomous Motivation Intention Perceived 
Behavioral 
control 
Effect (+) 
13 Attitude Behavior Intention Effect (+) 
14 Subjective Norm Behavior Intention Effect (+) 
15 Perceived Behavioral control Behavior Intention Effect (+) 
Moderation Effects 
16 Intention Behavior Action 
Planning 
Effect (+) 
The Extension of the Integrated Behavior Change Model (For Maintainers) 
Direct Effects 
17 Habit Behavior - Effect (+) 
18 Identity Behavior - Effect (+) 
Moderation Effects 
19 Habit Behavior Context 
Stability 
Effect (+) 
20 Identity Behavior Context 
Stability 
Effect (-) 
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CHAPTER 2. METHOD  
 
Participants and Procedure  
Participants were recruited through the Iowa State University SONA subject pool and 
through mass testing. Participants were eligible to participate if they were at least 18 years of age 
and engaged in at least some exercise. National Collegiate Athletic Association (NCAA) athletes 
were ineligible for participation. NCAA athletes were ineligible for participation, because they 
have exercise schedules that are dictated by an external source and thus are inherently different 
from non-athlete students. Non-exercisers were ineligible for participation, because they are 
neither in the initiation nor maintenance phase of behavior change.  
Two modes of participant recruitment were used. First, participants were screened using 
mass testing. Participants who met the eligibility requirements were invited to participate. 
Second, participant eligibility requirements were posted on SONA, and a preliminary screening 
survey was administered on Qualtrics to ensure eligibility. Participants who reported being under 
the age of 18, who reported that they ‘currently do not exercise and do not intend to start’ or that 
they ‘currently do not exercise but am thinking about starting’, or who were NCAA athletes had 
their survey terminated and did not receive compensation. A total of 21 students had their data 
collection terminated after the consent procedure but before baseline collection because they did 
not meet the eligibility criteria.  
Eligible participants were compensated with course credit for their participation. 
Participants were awarded two credits for the initial baseline survey, which was completed in the 
lab. The baseline survey was comprehensive insofar as it assessed all of the variables included in 
the extended IBCM (Appendix A). Participants also reported on their demographics, previous 
exercise, and stage of change (i.e., were they initiators or maintainers). At the end of the baseline 
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session, all participants completed an action plan for sending photos (via SnapChat or email) of 
their exercise location to the research staff as a measure of frequency of exercise engagement. In 
addition to the baseline survey, participants were asked to complete two assessments of their 
exercise behavior at seven and fourteen days post-baseline. These weekly assessments were 
administered via email. The surveys were estimated to take two to three minutes to complete. 
Participants were awarded an additional credit if they completed 100% of the weekly surveys 
(i.e., two). Participants who completed less than 100% of the weekly surveys did not receive 
further compensation. These cut-off points were determined using the SONA criteria for 
awarding credits, where one credit is equivalent to half an hour of participant engagement and 
were transparently communicated to participants both verbally and in the informed consent form 
during the baseline session. This study was approved by the Institutional Review Board at Iowa 
State University (see Appendix D), and all participants provided informed consent prior to 
completing the baseline survey. 
Measures  
Demographics 
Participants reported their age, gender, ethnicity, race, and NCAA status at prior to 
completing the baseline measures  
Stage of Change 
Stage of change (Prochaska & DiClemente, 1982) was measured prior to baseline. One 
item was used to measure stage of change, as is standard practice in the literature: Please tell us 
which option most closely fits you currently (Note: ‘Regular exercise’ = 3 or more times per 
week for at least 30 minutes at a moderate or greater intensity each time). Response options are: 
(1) ‘I currently do not exercise and I do not intend to start’, (2) ‘I currently do not exercise, but I 
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am thinking about starting’, (3) ‘I currently exercise some, but not regularly (regularly is 3x per 
week or more)’, (4) ‘I currently exercise regularly, but have only begun doing so within the past 
6 months’, and (5) ‘ I currently exercise regularly, and I have been doing so for longer than 6 
consecutive months’. The aforementioned response options correspond with the following stages 
of change: pre-contemplation, contemplation, preparation, action, and maintenance, respectively. 
Participants who were in the pre-contemplation and contemplation stages were not eligible for 
participation as they did not engage in any exercise. Participants in the maintenance stage were 
classified as ‘maintainers’ and participants in the preparation, or action stages of behavior change 
were classified as ‘initiators’. This threshold is justified by existing literature which posits that 
behavior enters a maintenance phase after 6 months of regular performance (e.g., Howlett et al., 
2019). 
Autonomous Motivation 
Motivation was assessed using the Behavioral Regulation in Exercise Questionnaire 
version 3 (BREQ-3; Markland & Tobin, 2004; Wilson, Rodgers, & Loitz, 2006). The BREQ-3 is 
a 24-item measure, which taps into six types of motivation, presented here ranging from the most 
controlled to the most autonomous: amotivation (e.g., ‘I think exercising is a waste of time), 
external (e.g., ‘I exercise because other people say I should’), introjected (e.g., ‘I feel guilty 
when I don’t exercise’), integrated (e.g., ‘I exercise because it is consistent with my life goals’), 
identified (e.g., ‘It’s important to me to exercise regularly’), and intrinsic (e.g., ‘I enjoy my 
exercise sessions’).  Higher scores correspond to a stronger endorsement of the motivation type. 
Explicit Attitude 
Both affective and instrumental attitudes were measured using items from Rhodes and 
Courneya (2003) using three items, which were all be preceded by the following stem: ‘Over the 
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next two weeks, engaging in physical activity on a regular basis would be:’. Items were rated on 
a seven-point Likert-type scale. For affective attitudes the response options ranged from: (1) 
‘boring-interesting’, (2) ‘unenjoyable-enjoyable’, and (3) ‘stressful-relaxing’. For instrumental 
attitudes the response options ranged from: (1) ‘harmful-beneficial’, (2) ‘useless-useful’, and (3) 
‘foolish-wise’. Affective and instrumental attitudes have been found to be internally consistent in 
university samples and are divergently valid, which is indicative of the importance of measuring 
both types of attitudes (Courneya Bobick, & Schnike, 1999; Rhodes and Courneya, 2003). 
Additionally, a common attitude factor – consisting of both affective and instrumental attitudes – 
predicts behavioral intention demonstrating predictive validity (Rhodes and Courneya, 2003). 
Higher scores correspond to more positive attitudes. 
Subjective Norms 
Both the injunctive (i.e., perception of what a person believes others expect of them) and 
descriptive (i.e., perception of what behaviours others perform) norm components of subjective 
norms were measured using items from Rhodes and Courneya (2003). Injunctive norms were 
measured using the following items: (1) ‘Most people in my social network want me to exercise 
regularly in the next two weeks’, and (2) ‘Most people in my social network would approve if I 
exercised regularly in the next two weeks’. Descriptive norms were measured using the 
following items: (1) ‘Most of my friends exercise regularly’, (2) ‘Most of my family members 
exercise regularly’, and (3) ‘Most of my college peers exercise regularly’. The third item was 
adapted from the original scale, which assessed perceptions of co-workers’ exercise. These two 
subjective norm scales have been shown to be divergently valid (Rhodes & Courneya, 2003). To 
that end, it is important that both injunctive and descriptive norms are measured. Additionally, 
both facets have been shown to load onto a common factor of ‘subjective norm’, which predicts 
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intentions, demonstrating predictive validity. Higher scores correspond to more strongly 
endorsed social norms. 
Perceived Behavioral Control 
Perceived behavioral control was measured using three items from Rhodes and Courneya 
(2003). The three items used to assess perceived behavioral control were: (1) ‘How confident are 
you that you will be able to exercise regularly in the next two weeks’, (2) ‘How confident are 
you over the next two weeks that you could overcome obstacles that prevent you from exercising 
regularly’, and (3) ‘I believe that I have the ability to regularly exercise in the next two weeks’. 
This scale predicts intention, as hypothesized in the IBCM, demonstrating predictive validity 
(Rhodes & Courneya, 2003). Higher scores correspond to more perceived behavioral control. 
Intention 
Exercise intention was measured using the three items presented in Rhodes and Courneya 
(2003): (1) ‘In the next two weeks, my goal is to exercise’, (2) ‘Over the next two weeks, I 
intend to exercise … times per week’, and (3) ‘I intend to exercise at least every other day over 
the next two weeks’. These items have been shown to have high internal consistency in 
undergraduate populations (Courneya, Bobick, & Schnike, 1999). Additionally, as hypothesized 
in the IBCM, this scale is predicted by attitudes, subjective norms, and perceived behavioral 
control demonstrating predictive validity (Rhodes & Courneya, 2003). Higher scores 
corresponded to greater behavioral intention. 
Action Planning 
Action planning was measured using items from Sniehotta and colleagues (2005). The 
items followed the stem: ‘I have made a detailed plan regarding…’. Items were: (1) ‘…when to 
exercise’, (2) ‘…where to exercise’, (3) ‘…how to exercise’, and (4) ‘…how often to exercise’. 
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The scale displays divergent validity in comparison with behavioral intentions and coping 
planning. Moreover, these items are characterized by high internal consistency (α = .92 - .95) and 
the scale demonstrates predictive validity as it predicts concurrent exercise (r = .25) and exercise 
two (r = .19) and four months (r = .24) after the initial assessment. Higher scores correspond to 
greater planning. 
Implicit Attitudes and Motivation 
Implicit attitudes and implicit motivation were assessed using two Implicit Association 
Tests (i.e., IATs) which were created in the iatgen program and administered in Qualtrics 
(Carpenter et al., 2018). In the implicit attitudes towards exercise IAT, stimuli from the 
categories good (i.e., pleasure, enjoy, and happy), bad (i.e., pain, horrible, and sadness), exercise 
(i.e., active, fitness, and workout), and sedentary (i.e., inactive, seated, sitting) were presented. 
Exercise and sedentary stimuli were adapted from Banting and colleagues (2009) to reflect 
neutral rather than negative sedentary words. In the implicit motivation towards exercise IAT, 
adapted from Keatley and colleagues (2014), stimuli from the categories self (i.e., me, myself) 
and not self (i.e., it, that) were used alongside stimuli from the categories autonomous (i.e., 
choice, free, spontaneous, willing, and authentic) and controlled (i.e., pressured, restricted, 
forced, should, controlled) motivation. The order in which the implicit attitudes and implicit 
motivation IATs were displayed were randomized between participants using a random-number 
generator. Additionally, whether the congruent or incongruent block was presented first was 
counterbalanced for each IAT (Table 2; Carpenter et al., 2018). Left or right starting position was 
also counter-balanced for each IAT (Carpenter et al., 2018). Higher scores correspond to more 
positive attitudes and more autonomous motivation. 
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Previous tests of the IBCM have used IATs to assess implicit constructs (i.e., Caudwell et 
al., 2019; Hagger et al., 2017), which is not surprising given that the IAT is the most widely used 
implicit measure in psychological research (Oswald, Mitchell, Blanton, Jaccard, & Tetlock, 
2013). Despite its popularity, there are some well-known issues with IAT interpretation. First, 
person-level factors such as cognitive fluency (i.e., ease of processing stimuli in general), age, 
and past-IAT experience have been found to influence IAT results (Nosek, Greenwald, & Banaji, 
in press). Because of this, individuals who have lower levels of cognitive fluency, who are older, 
and who are IAT novices tend to have larger IAT effects presumably irrespective of actual 
underlying implicit associations. A second concern that has been raised is the use of difference 
scores, which are psychometrically problematic (Edwards, 2001). For example, difference scores 
are especially susceptible to Type 1 Error (i.e., false positive) due to reduced reliability in 
comparison with their sub-components (Cafri, van den Berg, & Brannick, 2010; Edwards, 2001). 
Additionally, when used as predictor variables, difference scores reduce the proportion of 
variance explained in the dependent variable in comparison with their sub-components. This is 
because difference scores imply that both components are equal in terms of their regression 
weights, which is unlikely to be the case. Perhaps the most important limitation is that IATs are 
weak predictors of behavior, which may be due to the measurement procedure or to the scoring 
procedure (Oswald et al., 2013). 
Despite the problems associated with using IATs to measure implicit constructs, IATs 
were used in the present research because they are conventional in psychological research – 
including tests of the IBCM – on implicit processes (Caudwell et al., 2019; Hagger et al., 2017; 
Oswald et al., 2013). Additionally, IATs are arguably more reliable than other implicit 
measurement methods in terms of test-retest reliability and split-half reliability (Nosek, 
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Greenwald, & Banaji, in press; Znanewitz, Braun, Hensel, Altobelli, & Hattke, 2018). IATs also 
demonstrate convergent validity with matched self-report measures and divergent validity with 
unmatched explicit and implicit measures in multi-trait, multi-method matrices (Nosek et al., in 
press; Nosek & Smyth, 2007). Finally, IATs are discriminately valid from explicit measures on 
concepts marked by the tendency to elicit social desirability response biases. For example, race 
IAT scores are correlated with activation of the amygdala – the brain region where fear and 
negative emotions are processed – which is not the case for self-report measures of racism 
(Phelps, O’Connor, Cunningham, Funayama, Gatenby, Gore, & Banji, 2000). 
Habit 
The automaticity component of participants’ exercise habit was measured using the Self-
Reported Behavioral Automaticity Index (SRBAI; Gardner, Abraham, Lally, & de Bruijn, 2012). 
The SRBAI Index is a four-item scale that is preceded by the following stem: ‘Deciding to 
exercise is something…’. Items are: (1) ‘…I do automatically’, (2) ‘…I do without having to 
consciously remember’, (3) ‘…I do without thinking’, and (4) ‘…I start doing before I realize I 
am doing it’. Using meta-analytic techniques, the SRBAI has been shown to have convergent 
validity with other methods of habit measurement (i.e., Self-Reported Habit Index and Response-
Frequency Habit Measure (rs > .90 and >.49, respectively); Gardner et al., 2012). Additionally, 
the SRBAI has been shown to be predictively valid as it predicts energy-balance related 
behaviors, and meta-analytic techniques have found the SRBAI to be highly reliable with the 
majority of studies (93%) reporting a high reliability (α = .80 - .97). Higher scores correspond to 
higher levels of habit strength. 
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Identity 
Exercise identity was measured using the Exercise Identity Scale (EIS; Anderson & 
Cychosz, 1994; Wilson & Muon, 2008). The EIS is a four-item scale and the items are: (1) ‘I 
consider myself someone who does regular physical activity’, (2) ‘When I describe myself to 
others, I usually include my involvement in physical activity’, (3) ‘Others see me as someone 
who does physical activity regularly’, and (4) ‘Regular physical activity fits the way I want to 
live’. The EIS has been found to have a uni-dimensional structure and to have high internal 
consistency (α = .84; Wilson & Muon, 2008). Additionally, the EIS demonstrates predictive 
validity as meta-analytic techniques have shown that exercise identity predicts behavior (r = .44; 
Rhodes et al., 2016). Higher scores correspond to greater endorsement of exercise-related 
identity. 
Context Stability 
Participants overall contextual stability was assessed by measuring both daily and weekly 
contextual stability. The stability of individuals’ daily and weekly contexts was measured using 
two items: (1) ‘How much do your activities and context/location differ from weekday-to-
weekday (how different are your Mondays from your Tuesdays and Wednesdays, etc.)?’, and (2) 
‘Even if your weekdays look different from each other (your Monday schedule may be quite 
different from your Friday schedule), how similar are your Mondays from week-to-week, how 
similar are your Fridays from week-to-week, etc.?’ with higher scores corresponding to greater 
contextual stability.  
Additionally, participants reported what time they engaged in specified activities on a 
typical week (Monday through Sunday). The activities were: waking up, going to bed, eating the 
first meal of the day, eating the last meal of the day, being physically present in class, studying 
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outside of class, working (either paid work or unpaid internship), exercising, engage in social 
activities, engaging in scheduled extra-curricular activities (e.g., club meetings). Due to the rich 
nature of this data, coding was not completed before the scheduled dissertation defense date. 
Exercise Behavior 
Past exercise behavior and weekly exercise assessments were assessed using the 
International Physical Activity Questionnaire (IPAQ; Ainsworth et al., 2006; Booth, 2000). 
Participants were asked to approximate the number of minutes that they engaged in light, 
moderate, and vigorous exercise over the previous seven days. In addition to this, participants 
were asked to approximate the number of months that they have been consistently engaging in 
exercise on a regular basis at baseline. 
A composite score of moderate and vigorous activity was created for baseline and each of 
the weekly exercise assessments as well as for the total weekly assessment period to determine 
participants’ total volume of purposeful exercise (i.e., total combined minutes of moderate and 
vigorous exercise over the previous 7 days). Light activity was not examined for the present 
project as it is less likely to constitute purposeful exercise sessions (e.g., walking to one’s car 
after work or walking around a grocery store). The IPAQ is convergently valid with objective 
measures of activity (e.g., accelerometers; Dinger, Behrens, & Han, 2006; Hagströmer, Oja, & 
Sjöström, 2006). 
Additionally, exercise frequency was measured objectively using photos obtained 
through SnapChat and email where participants were asked to send a photo of just their hand 
giving the ‘thumbs up’ symbol in front of their exercise location. Both initiators and maintainers 
created action plans to facilitate compliance. Specifically, participants completed the following 
action plan: ‘Whenever I exercise, I will send a photo of my location to the researchers using 
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_____________(specify SnapChat or email)’. Participants were asked to report their SnapChat 
username or email depending on the response option chosen. Additionally, participants were 
asked to respond to the following prompt: Imagine yourself doing this. What needs to happen in 
order for you to be able to send the researchers a picture of your exercise location after you 
exercise: _____________’. Participants completed the action plan using a pencil-and-paper 
format so that they could take their action plans with them. A research assistant checked each 
action plan for completion. Further, a research assistant added participants who chose to send 
photos via SnapChat as ‘friends’ on a lab research SnapChat account. This objective measure of 
exercise will be used as a measure of exercise frequency. Coding was not completed before the 
scheduled dissertation defense date. 
Random Response Check 
Random responding has been shown to drastically alter effect sizes (Credé, 2010). 
Therefore, two random response checks were included in the baseline survey to identify random 
responders. Participants who failed either of the response checks were eliminated from all 
analyses. 
Planned Statistical Analyses  
Power Analysis 
Power analyses for the paths proposed by the original IBCM were conducted a priori 
using external Monte Carlo simulations in Mplus, α = .05 (Appendix C; Figure 7; Muthén & 
Muthén, 2012). Using bootstrapped sampling (i.e., 1000 samples), the simulation calculates the 
percentage of the analyzed samples for which each individual path is significant. This is 
equivalent to statistical power. As suggested by Muthén and Muthén (2012), parameter estimates 
were obtained from previous studies. Parameter estimates were expressed as standardized beta 
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coefficients (β) to account for the shared variance between the predictor variables with any given 
outcome variable. Residual variance was calculated for each outcome using the following 
formula: 1 - Σ(β2). Standardized beta coefficients, β values, were drawn from a meta-analysis 
conducted by Hagger and colleagues (2008) which utilized the maximum likelihood method to 
test the path model. However, implicit attitudes, implicit motivation, and action planning were 
not assessed in the aforementioned study. Therefore, β values for the relationship between these 
variables and behavior were estimated from previous tests of the IBCM which typically used 
structural equation models (i.e., Brown et al., 2018; Caudwell et al., 2019; Hagger et al., 2017; 
Hamilton et al., 2017; Shannon et al., 2019). A sensitivity analysis was conducted with the 
weakest reported relationship between these values and with the strongest reported relationship 
between these values resulting in a range of power values. 
Based on the power analyses, 300 initiators and 300 maintainers needed to be sampled to 
have sufficient power to detect the majority of the specified parameters. Specifically for the 
original IBCM, the following power estimates were obtained: (1) Autonomous motivation and 
attitude, 100%, (2) autonomous motivation and subjective norms, 66.8%, (3) autonomous 
motivation and perceived behavioral control, 100%, (4) attitude and intention, 100%, (5) 
subjective norm and intention, 21.6%, (6) perceived behavioral control and intention, 98.9%, (7) 
intention and behavior, 69.9 - 98.2%, (8) implicit attitudes and behavior, 49.9 - 97.4%, (9) 
implicit motivation and behavior, 47.8- 97.4%, (10) action planning and behavior, 13.4 - 99.9%, 
and (11) action planning*intention and behavior, 14.1 - 69.9%. It should be noted that a sample 
size of 300 per group (i.e., initiators and maintainers) is larger than past assessments of the 
IBCM (N = 90 - 289; Brown, et al., 2018; Caudwell et al., 2019; Hagger et al., 2017; Hamilton et 
al., 2017; Shannon et al., 2019) and that a larger sample size may be recruited if feasible. 
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A power analysis using G*Power (Faul, Erdfelder, Lang, & Buchner, 2007) was 
conducted a priori for Hypothesis 1 and 2 to determine how many participants were needed to 
detect a small moderation effect size (incremental difference in R2) with power = .90 (α = .05). 
Assuming a small to medium effect of ƒ2 = .085 with, a total sample size of 152 maintainers was 
needed to test the moderating effect of context stability on the relationship between habit (or 
identity) and behavior. 
Preliminary Data Cleaning 
Participants’ IATs were scored using the Greenwald and colleagues (2003) scoring 
algorithm, which is used in the iatgen program and computes individual IAT effect scores. 
Participants who completed more than 10% of trials in less than 300ms were removed from any 
analyses using the specified IAT. Any individual trial taking more than 10,000ms was not 
included in the calculation of the individual’s IAT effect score. If a participant made a 
classification error on a trial, reaction time was equal to time taken to make the incorrect 
responses combined with the time taken to make the correct response. Individuals’ IAT effect 
scores were calculated by taking the difference between blocks 4 and 7 (critical trial blocks) and 
3 and 6 (practice blocks of critical trails). Each of the two resulting scores are divided by their 
pooled standard deviation resulting in two scores. Finally, these two scores are averaged– 
resulting in a D score for each participant. Internal consistency was calculated using the iatgen 
program (Carpenter et al., 2018) which uses the De Houwer and De Bruyker (2007) procedure. 
Split-half reliability was calculated between the even and the odd trials of the IAT. 
Reminders in Qualtrics were used in an attempt to reduce missing data within the 
proposed dataset. Specifically, if a participant did not respond to a question, they were reminded 
that they left one or more questions blank and were asked if they would like to answer such 
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questions before proceeding to the next page. Missing data points within the baseline assessment 
were imputed using multiple imputations for scales with less than 50% missing data (Garson, 
2015). For the baseline and weekly exercise data, multiple imputations were not used, because 
missing data on one time-point or one item (i.e., moderate or vigorous activity) would represent 
≥ 50% missing data (Garson, 2015). In the present study, the only scales with missing data had ≥ 
50% missing values. 
Data were examined for multivariate outliers on for all hypothesized relationships (Table 
1; Figure 6), separately for initiators and maintainers. Multivariate outliers were detected using 
Mahalanobis distances (p < .001). If a participant was found to be a significant multivariate 
outlier, they were removed and the Mahalanobis distances were re-analyzed. This process was 
repeated until there were no significant multivariate outliers remaining. If there were multivariate 
outlier(s), then the analyses were conducted with and without these participants. If there were no 
differences in the aforementioned results, then the analysis is reported with the inclusion of the 
multivariate outliers. If differences exist, then the results are reported both with and without the 
inclusion of multivariate outliers. 
The assumptions of linear modeling (i.e., regression) were examined using the full data 
set and with the removal of multivariate outliers separately for initiators and maintainers. First, 
normality was assessed for the relationship between all predictor variables and associated 
outcomes by examining normal probability plots (Field, 2009). A logarithmic transformation was 
used to correct any positively skewed, non-normally distributed variable. Conversely, if any 
variables were negatively skewed, a reverse-score transformation was used. Second, 
homoscedasticity was examined using linear regression standardized residual plots (Field, 2009). 
The standardized residual was plotted against the standardized predictor variable. Violations of 
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homogeneity of variance (i.e., heteroscedasticity) was identified if the data points in the 
standardized residual plot form a funnel shape rather than show even distribution. 
Heteroscedasticity was corrected by using a logarithmic transformation on the dependent 
variable. Third, multicollinearity was tested using Variation Inflation Factors (VIF; Field, 2009). 
If a VIF statistic is 10 or greater, then multicollinearity was considered an issue and a predictor 
would be removed from the model. Finally, linearity was tested if the normality or 
homoscedasticity violations were violated for any pair of variables (i.e., using a deviation from 
linearity test: p < .05). While there were some violations of normality, linearity and 
homoscedasticity, there were no violations concerning multicollinearity.  
Since motivation can vary in terms of autonomy, a maximum likelihood exploratory 
factor analyses with oblique rotations was conducted to determine whether all types of 
autonomous motivations (i.e., intrinsic, identified, and integrated) should be combined into one 
scale. A parallel analysis was used to reveal the appropriate number of factors to extract (Zwick 
& Velicer, 1986). 
Tests of the Hypotheses 
Hypotheses 1 and 2 were tested using moderation analyses (see Table 1 for predictions; 
see Figure 6 for model). Specifically, model 1 (simple moderation) of the PROCESS procedure 
using 5000 bootstrapped samples and 95% confidence intervals was used (Hayes, 2013). For 
Hypothesis 1, exercise habit was specified as the predictor variable. For Hypothesis 2, exercise 
identity was specified as the predictor variable. For both hypotheses, the moderator was context 
stability and the outcome variable was exercise behavior. 
Hypotheses 3 and 5 (see Figures 5 and 6) were tested using recursive structural equation 
modeling in Mplus. Structural equation modeling was chosen as this is the standard assessment 
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of the IBCM (Brown et al., 2018; Caudwell et al., 2019; Hagger et al., 2017; Hamilton et al., 
2017). Additionally, our proposed power analysis of 300 initiators and 300 maintainers surpasses 
the ratio of observations to estimated parameters for both the 10:1 ratio guide (Schreiber et al., 
2006) and the 5:1 ratio guide (Bentler & Chou, 1987). Structural equation modeling is preferred 
to path analysis when these conditions are met as path analysis assumes that there is no 
measurement error, which is unlikely to be true and likely leads to biased parameter estimates of 
direct effects (Kline, 2005).  
Exogenous variables – those with causes not specified by the model – were autonomous 
motivation, implicit attitudes, implicit motivation, action planning, habit, identity, and context 
stability. Endogenous variables – those with causes specified by the model – were attitude, 
subjective norm, perceived behavioral control, intention, and behavior. Model fit was evaluated 
using several criteria. First, examining a chi-square analysis – which tests the difference between 
the expected and observed covariance matrices – assessed fit. A non-significant (i.e., p >.05) 
value is indicative of good model fit (Hu & Bentler, 1999). Second,  the Root Mean Square Error 
of Approximation (RMSEA) was examined as well (Hu & Bentler, 1999). RMSEA tests the 
difference between the specified model and a hypothetical model with optimal parameter 
estimates. An RMSEA value of .06 or less was used as being indicative of good model fit (Hu & 
Bentler, 1999). Finally, the Comparative Fit Index (CFI) and Tucker Lewis Index (TLI) were 
examined with good fit being indicated by values of .95 or larger. Path coefficients were 
compared to the predictions made by the theoretical models if model fit is sufficient. 
Hypotheses 4 and 6 (see Figures 5 and 6) were tested using multiple group recursive 
structural equation modeling in Mplus. Chi-square, RMSEA, CFI, and TLI will be examined. 
The first step was allowing the paths to vary between initiators and maintainers. The second step 
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was a fixed structural equation analysis that was conducted whereby the paths coefficients could 
not vary between initiators and maintainers (i.e., invariance). If the two groups do not have 
significantly different model fit for Hypothesis 4 or 6 than no further steps were to be taken, 
since the hypotheses would have been rejected. If the unconstrained and constrained models are 
significantly different this would indicate that at least one or more of the paths significantly 
differ between groups. In this case, each path was to be examined for differences in significance 
between groups. 
Hypothesis 7 (see Figures 1 and 5) was tested using recursive structural equation 
modeling in Mplus as well as hierarchical linear regression in SPSS. Specifically, model fit 
indices for the Theory of Planned Behavior and the Integrated Behavior Change Model was 
assessed for initiators only. Similar to hypotheses 3 and 5, models were individually assessed 
according to their chi-square, RMSEA value, CFI, and TLI values and paths were examined for 
models that fit the data well (Hu & Bentler, 1999).The contribution of action planning, implicit 
attitudes, and implicit motivation to the TPB by the IBCM as direct predictors of behavior above 
and beyond intention was assessed utilizing hierarchical linear regression. 
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Figure 7. Monte Carlo simulation (power analysis) of the Integrated Behavior Change Model. 
Note. Smallest reported effects are shown with largest reported effects in parentheses. Reported 
values are standardized beta-weights. 
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Table 2  
IAT Format 
Block Number of Trials Block Description Left Response Right Response 
Exercise 
Attitudes IAT 
    
1 20 Concept category 
practice 
Exercise Sedentary 
2 20 Attribute category 
practice 
Good Bad 
3 20 Compatible 
experimental block 
practice 
Exercise and good Sedentary and bad 
4 40 Compatible 
experimental block 
Exercise and good Sedentary and bad 
5 20 Reverse attribute 
category practice 
Bad Good 
6 20 Incompatible 
experimental block 
practice 
Sedentary and good Exercise and bad 
7 40 Incompatible 
experimental block 
Sedentary and good Exercise and bad 
Exercise 
Motivation IAT 
    
1 20 Concept category 
practice 
Self Not Self 
2 20 Attribute category 
practice 
Autonomous Controlled 
3 20 Compatible 
experimental block 
practice 
Self and 
Autonomous 
Not Self and 
Controlled 
4 40 Compatible 
experimental block 
Self and 
Autonomous 
Not Self and 
Controlled 
5 20 Reverse concept 
category practice 
Not Self Self 
6 20 Incompatible 
experimental block 
practice 
Not Self and 
Autonomous 
Self and 
Controlled 
7 40 Incompatible 
experimental block 
Not Self and 
Autonomous 
Self and 
Controlled 
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CHAPTER 3. RESULTS  
 
Preliminary Results  
 
Power Analysis Update 
The a priori power analysis indicted that 152 initiators and 152 maintainers were needed 
to test hypotheses 1, 2, and 5. Moreover, 300 initiators and 300 maintainers were needed to test 
hypotheses 3, 4, and 7 (see planned statistical analyses section). However, due to the 
coronavirus-19 (COVID-19) pandemic it was decided to terminate baseline data collection early. 
This choice was due to the decision made by Iowa State University to move to online only 
classes for the remainder of the semester, which resulted in many students leaving the area. 
Additionally, exercise facilities, including the Iowa State University gym and public gyms, 
closed during this time. Therefore, it is likely that many students with regular exercise routines 
had their routine and habits disrupted by new living arrangements and exercise facility closures. 
Thus, any data collected after this time would have likely been abnormal and not representative 
of the population that the rest of the sample was drawn from. Therefore, the data is not as highly 
powered as the original power estimates when considering hypotheses 3, 4, and 7. This change in 
procedures was pre-registered using the Open Science Framework (https://osf.io/cq89v/). An 
updated power analysis for the IBCM for initiators (N = 287) and maintainers (N = 207) was 
conducted using Monte Carlo Simulations (Muthén & Muthén, 2012). For initiators the observed 
power was as follows: (1) Autonomous motivation and attitude, 100%, (2) autonomous 
motivation and subjective norms, 65.1%, (3) autonomous motivation and perceived behavioral 
control, 100%, (4) attitude and intention, 100%, (5) subjective norm and intention, 22.3%, (6) 
perceived behavioral control and intention, 98.9%, (7) intention and behavior, 66.1 - 96.9%, (8) 
implicit attitudes and behavior, 47.7 - 97.1%, (9) implicit motivation and behavior, 46.5 -96.2%, 
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(10) action planning and behavior, 12.3 - 99.6%, and (11) action planning*intention and 
behavior, 14.5 - 67.9%. For maintainers, the observed power was as follows: (1) Autonomous 
motivation and attitude, 100%, (2) autonomous motivation and subjective norms, 52.8%, (3) 
autonomous motivation and perceived behavioral control, 99.9%, (4) attitude and intention, 
100%, (5) subjective norm and intention, 18.4%, (6) perceived behavioral control and intention, 
96.1%, (7) intention and behavior, 52.2 - 93.8%, (8) implicit attitudes and behavior, 36.9 - 
89.3%, (9) implicit motivation and behavior, 35.4 - 89.1%, (10) action planning and behavior, 
10.9 - 97.4%, and (11) action planning*intention and behavior, 10.3 - 53.7%. Importantly, in 
terms of structural equation modeling, our sample size still surpasses the ratio of observations to 
estimated parameters for the 5:1 ratio guide in all cases and the 10:1 ratio guide in all cases 
except for the original IBCM in maintainers (Bentler & Chou, 1987; Schreiber et al., 2006). 
Description of the Sample 
A total of 17 participants were removed because they failed at least one of the two 
random response checks leaving a total of 494 participants. Participants ranged from 18 to 35 
years of age (Mx = 19.31, SD = 1.77). The majority of participants identified as female using 
She/Her pronouns (54.7%). The majority of participants self-identified as Caucasian (86%). 
Participants were classified as exercise initiators or maintainers according to their score on the 
Stage of Change measure, with 287 participants (58.1%) being classified as initiators and 207 
participants (41.9%) being classified as maintainers. Regarding weekly data, 339 participants 
completed the first weekly survey, 324 participants completed the second weekly survey, and 
280 participants completed both weekly surveys. Exercise recorded over the regular semester 
period versus the break periods (i.e., Fall Break and Spring Break) did not differ for week 1 
(t(53.63) = -.930, p = .356) or week 2 (t(313) = 1.15, p = .251) moderate to vigorous exercise. 
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Maintainers engaged in significantly more moderate to vigorous physical activity in comparison 
with initiators at baseline (t(473) = -3.70, p < .001), week 1 (t(353) = -4.08, p < .001), and week 
2 (t(336) = -3.43, p = .001). Maintainers (Mmonths = 28.79, SE = 0.58) had been regularly 
engaging in exercise (i.e., at least 3 times per week at a moderate to vigorous intensity) for 
significantly longer than initiators (Mmonths = 5.67, SE = 2.05; (t(474) = -12.67, p = < .001). 
Descriptive statistics using the raw data are presented separately for initiators and maintainers in 
Table 4 and zero-order correlations and reliability are presented in Table 5. Since the intention 
scale had extremely low reliability for maintainers (inter-item rs = .03 to .16 for maintainers and 
rs = .18-.47 for initiators ), only the second intention item was analyzed (‘Over the next two 
weeks, I intend to exercise (_______) times per week’), as it is the most face valid and low 
reliability estimates are indicative of high levels of measurement error within a scale. 
EFA for Autonomous Motivation 
A maximum likelihood exploratory factor analysis with an oblique rotation was 
conducted to determine whether all types of autonomous motivations (i.e., intrinsic, identified, 
and integrated) should be combined into one scale. A parallel analysis (Zwick & Velicer, 1986).  
revealed that two factors should be retained, which both had initial eigenvalue scores greater 
than one (i.e., Factor 1 = 6.09; Factor 2 = 1.28). The first factor explained 50.73% of the total 
variance and was composed of items from the integrated and identified scales (Table 3). The 
second factor explained 10.69% of the total variance and was composed of the entire intrinsic 
regulation scale. To ensure discriminant validity between factors, items with cross loadings equal 
to or lower than .2 were removed from the final model. Due to intrinsic motivation (Factor 2) 
being the most autonomous form of behavioral regulation, and it loading separately from both 
identified and integrated regulations, it was used in the test of hypotheses concerning the original 
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IBCM (i.e., hypotheses 3, 4, and 7). This choice was made because intrinsic motivation should 
show the strongest relationship with behavioral engagement (Deci & Ryan, 2009).  
Missing Data Analysis 
For the predictor variables, missing data were only present for self-reports of injunctive 
subjective norms (1 case per item). Regarding outcome variables, missing data were present for 
volume of moderate and vigorous exercise at baseline (i.e., minutes; 19 cases). For weekly 
exercise volume variables, missing data were only examined for participants who completed the 
weekly assessment on time (i.e., within 48 hours of administration). Missing data was as follows: 
week 1 (8 cases), week 2 (1 case), and the combined weekly assessments (7 cases). Since data 
were only missing on measures where missing one item represents 50% (i.e., injunctive 
subjective norms) or where missing a value represents 50 -100% missing data (i.e., exercise 
outcomes), the multiple imputation correction was not conducted for the tests of the main 
hypotheses (Garson, 2015). That is, the proportion of missing data was deemed to be too large to 
impute. 
Multiverse Analysis 
When cleaning raw data, researchers face an abundance of choices concerning how to 
best prepare the data for analysis (Steegan, Tuerlinckx, Gelman, & Vanpaemel, 2016). These 
researcher-based choices include decisions about multivariate outliers and selecting the 
dependent variable from multiple measures of said construct (Wicherts, Veldkamp, Augusteijn, 
& Bakker, 2016). These arbitrary choices, although often unnoticed by researchers, reviewers, 
and committees alike, have the potential to lead to Type 1 error and are – at least in part – 
responsible for the reproducibility crisis in psychology (Steegan et al., 2016). Because of this, a 
multiverse analysis approach was used for the present study. Specifically, all primary hypotheses 
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were analyzed with and without the removal of multivariate outliers, and this decision was pre-
registered on the Open Science Framework. If the results were robust, then they were reported 
with the inclusion of multivariate outliers. Additionally, the full data and outlier-corrected data 
was examined with and without transformed variables to correct for violations of the regression 
assumptions where applicable (see below: Testing assumptions of regression). If results were 
robust, then the data were reported without corrections. Additionally, if results were robust, then 
the analyses including baseline exercise as an outcome variable were reported as they were the 
most adequately powered. For a pictorial overview of the multiverse analysis please see Figure 8.  
Full Data 
 Testing assumptions of regression 
The assumptions of linear regression were assessed separately for initiators and 
maintainers. Multicollinearity was assessed using Variation Inflation Factors (VIF), with a value 
equal to or greater than 10 indicating a strong linear relationship between two explanatory 
variables (Field, 2009). First, multicollinearity was assessed between the predictors of affective 
attitude, instrumental attitude, injunctive subjective norms, descriptive subjective norms and 
perceived behavioral control on intention. VIF values did not exceed 1.35 for initiators or 
maintainers. Second, multicollinearity was assessed with intention alongside action planning, 
implicit attitudes, and implicit motivation for each of the four exercise outcomes (i.e., baseline, 
week 1, week 2, and the average of week 1 and week 2 data). For initiators and maintainers, 
multicollinearity was not an issue – with a maximum value of 1.19 – for the predictor variables 
on any of the four exercise outcomes. Finally, habit, identity, and contextual variables (i.e., daily 
stability and weekly stability) were examined for multicollinearity, when predicting the four 
exercise outcome variables for initiators and maintainers. Once more, multicollinearity was not 
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an issue for initiators or maintainers for any of the exercise outcomes, indicated by a maximum 
VIF value of 1.68. 
Normality was assessed for the relationship between all predictor variables and 
associated outcomes by examining normal probability plots for initiators and maintainers. 
Second, homoscedasticity was examined using linear regression standardized residual plots 
(Field, 2009). The pattern of assumption violations for normality and homoscedasticity was 
fairly consistent between initiators and maintainers for almost all relationships (see Tables 6, 7 
and 8). In structural equation modeling, violations of non-normality and homoscedasticity can be 
corrected for by using the MLR (i.e., maximum likelihood parameter estimates with robust 
standard errors) method in lieu of the default ML (i.e., maximum likelihood parameter estimates) 
method (Muthén, 2017). This method was used for hypotheses 3 - 7. For hypotheses 1 - 2, 
because normality and homoscedasticity were paired or normality was violated on its own with a 
positively skewed distribution, a logarithmic transformation was performed on the following 
dependent variables: baseline exercise, week 1 exercise, week 2 exercise, and the combination of 
week 1 and week 2 exercise. Logarithmic transformations correct for positively skewed data and 
heteroscedasticity by lengthening the lower tail and by compressing the upper tail of the 
distribution thereby making data more normal and stabilizing the variation of the residuals. This 
was used in the moderation analyses, which were conducted in SPSS. A deviation from linearity 
test (p < .05) was used to test the assumption of linearity. For hypotheses 1, 2, and 5 the 
relationships between: (1) habit and week 2 exercise, (2) between identity and week 1 exercise, 
and (3) daily contextual stability and week 2 exercise was violated (i.e., maintainers only). For 
the original IBCM, the relationship between intentions and baseline exercise and intentions and 
week 1 exercise was violated for maintainers only. There were no violations for initiators. 
58 
Caution will be used when interpreting relationships that deviate from the assumption of 
linearity. It is important to note that no single path was violated across all multiverse iterations.  
Data with the Removal of Multivariate Outliers 
 For Hypothesis 1 and Hypothesis 2, multivariate outliers for maintainers were removed 
separately for daily and weekly context stability and for each of the exercise outcomes (critical 
value = 16.27, p < .001). For daily context stability and habit, the multivariate outliers were as 
follows: baseline exercise: four multivariate outliers, week 1 exercise: six multivariate outliers, 
week 2 exercise: five multivariate outliers, and complete weekly data: six multivariate outliers. 
For weekly context stability, and habit, the multivariate outliers were as follows: baseline 
exercise: three multivariate outliers, week 1 exercise: six multivariate outliers, week 2 exercise: 
five multivariate outliers, and complete weekly data: six multivariate outliers. For daily context 
stability, and identity, the multivariate outliers were as follows: baseline exercise: four 
multivariate outliers, week 1 exercise: six multivariate outliers, week 2 exercise: five 
multivariate outliers, and completely weekly data: six multivariate outliers. For weekly context 
stability, and identity, the multivariate outliers were as follows: baseline exercise: three 
multivariate outliers, week 1 exercise: six multivariate outliers, week 2 exercise: five 
multivariate outliers, and combined weekly exercise: six multivariate outliers. 
 Multivariate outliers were removed for initiators for all tests utilizing the original IBCM 
(i.e., hypotheses 3, 4, and 7). For the relationship between intrinsic motivation, perceived 
behavioral control, attitude, and descriptive subjective norms there was one multivariate outlier 
exceeding the critical value: 18.47. For the relationship between intention, perceived behavioral 
control, attitude, and descriptive subjective norms there were six multivariate outliers exceeding 
the critical value: 18.47. For the relationship between intention and action planning there were 
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three multivariate outliers exceeding the critical value: 13.82. Finally for the relationship 
between intention, action planning, implicit attitudes, implicit motivation, and exercise the 
multivariate analysis was as follows (critical value: 20.52): (1) baseline exercise: eight 
multivariate outliers, (2) week 1 exercise: three multivariate outliers, (3) week 2 exercise: three 
multivariate outliers, (4) complete weekly data: zero multivariate outliers.  
For maintainers (Hypothesis 4) multivariate outliers were also examined for the IBCM. 
For the relationship between intrinsic motivation, perceived behavioral control, attitude, and 
descriptive subjective norms there were no multivariate outliers exceeding the critical value: 
18.47. For the relationship between intention, perceived behavioral control, attitude, and 
descriptive subjective norms there were six multivariate outliers exceeding the critical value: 
18.47. For the relationship between intention and action planning there were no multivariate 
outliers exceeding the critical value: 13.82. Finally, for the relationship between intention, action 
planning, implicit attitudes, implicit motivation, and exercise the multivariate analysis was as 
follows (critical value: 20.52): (1) baseline exercise: two multivariate outliers, (2) week 1 
exercise: four multivariate outliers, (3) week 2 exercise: four multivariate outliers, (4) complete 
weekly data: one multivariate outlier. Multivariate outliers were removed for maintainers for 
Hypothesis 5 separately for daily and weekly stability alongside habit, identity, and one of the 
four exercise outcomes (critical value: 18.48). For daily context stability the outliers were as 
follows: baseline exercise: four multivariate outliers, week 1 exercise: six multivariate outliers, 
week 2 exercise: six multivariate outliers, and complete weekly data: six multivariate outliers. 
For weekly context stability the outliers were as follows: baseline exercise: three multivariate 
outliers, week 1 exercise: six multivariate outliers, week 2 exercise: six multivariate outliers, and 
complete weekly data: six multivariate outliers.  
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Testing assumptions of regression 
Similar to the full sample, there were no issues with multicollinearity for the original 
IBCM for initiators for any of the proposed relationships including with any of the exercise 
outcomes (i.e., baseline exercise, week 1 exercise, week 2 exercise, complete weekly data; all 
VIF < 1.16). Additionally, there was no multicollinearity for the original IBCM for maintainers 
(all VIFs < 1.14). There were also no issues with multicollinearity for the hypotheses that were 
assessed strictly with maintainers with either daily or weekly context stability (i.e., hypotheses 1, 
2, and 5; maximum VIF value = 1.32). Normality and homoscedasticity were improved after the 
removal of multivariate outliers, however there were still some violations (see Tables 6, 7, and 
8). To this end, both the MLR (i.e., maximum likelihood parameter estimates with robust 
standard errors) method/data transformations and the default ML (i.e., maximum likelihood 
estimates) method was used to test all hypotheses in the full data and in the data with the removal 
of multivariate outliers where appropriate (Muthén, 2017). A deviation from linearity test (p < 
.05) was used to test the assumption of linearity. For the original IBCMs the following 
relationships were violated for initiators only: (1) perceived behavioral control and intention and 
(2) action planning and baseline exercise. For maintainers the relationships between intrinsic 
motivation and attitude and between perceived behavioral control and intention violated the 
assumption of linearity. There were no violations for the theoretical extension of the IBCM for 
initiators or maintainers (i.e., hypotheses 1, 2, and 5). Caution was used when interpreting 
relationships that showed significant deviations. However, it is important to note that none of the 
violations occurred across all multiverse iterations. 
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Tests of Hypotheses  
Hypothesis 1 
  The first hypothesis, that the relationship between habit and behavior would be 
moderated by context stability for maintainers, was tested using both daily and weekly context 
stability as moderators. For both, the hypothesis was tested utilizing the full data and the data 
with the removal of multivariate outliers for all four exercise outcomes (i.e., baseline exercise, 
week 1 exercise, week 2 exercise, and the complete weekly data). In addition, for both iterations, 
analyses were conducted both with and without corrections for non-normality and 
heteroscedasticity where applicable. Across analyses, the majority of models found no main 
effect of habit on behavior, no main effect of contextual stability on behavior, and no moderated 
effect of this relationship according to context stability (either daily or weekly; R2 change for 
non-significant moderation effects .00-.03; R2 change for significant moderation effects .04-.08). 
Thus, the hypothesis was not supported across models. Specific results are discussed below. 
 With regards to daily stability, the hypothesis was not supported in 15 of the 16 tests of 
the hypothesis. First, the main effect of habit on behavior was only significant in one of the 16 
models (6.3%; i.e., week 1 data with multivariate outliers excluded). That is, individuals with 
stronger habits engaged in more moderate and vigorous exercise in this model. The main effect 
of daily contextual stability on behavior was not supported in any of the tested models. The 
moderating effect of daily stability on the relationship between exercise habit and behavior only 
occurred in one of the 16 models (6.3%; see Tables 9, 10, 11, and 12 for main effects and 
moderation effects). That is similar to the observed main effect, daily stability only moderated 
the relationship between exercise habit and behavior when utilizing the week 1 data with the 
removal of the multivariate outliers.  
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With regards to weekly stability, the hypothesis was not supported for 13 of the 15 tests 
of the hypothesis (i.e., the test utilizing the data with multivariate outliers excluded and 
combined weekly data was not corrected for violations of regression assumptions as none existed 
in this iteration, thus resulting in one fewer analyses). First, the main effect of habit on exercise 
behavior was only observed in three of the 15 tests (20%; all of which utilized the week 1 data). 
Specifically, individuals with stronger habits engaged in more exercise in these models. 
Similarly, the direct effect of weekly stability on exercise behavior was observed in three of the 
models that utilized week 1 data as the outcome variable. That is, individuals with higher levels 
of weekly stability tended to engage in more exercise in these models. Next, weekly stability 
only moderated the relationship between exercise habit and behavior in two of the analyses 
(13.3%; both of which used week 1 data as an outcome).  
For both daily and weekly stability, the tests of the main effect and the moderated effect 
that were significant were using week 1 exercise data as an outcome variable. In these tests, the 
moderator was only significant at the value of two (which represents low levels of stability). At 
this level of the moderator, habit positively predicted behavior. This does not support the 
hypotheses as it was predicted that individuals with high context stability would have a stronger 
relationship between habit and behavior. Thus, the moderation hypothesis was not supported in 
any of the models. However, the main effect of habit positively predicting behavior in and of 
itself was supported in four of the 31 tested models (12.9%). However, this effect was not robust 
across analyses.  
Hypothesis 2 
 The second hypothesis, that the relationship between identity and exercise would be 
moderated by context stability for maintainers, was tested utilizing both daily and weekly context 
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stability. Both versions of the hypothesis were tested using the full data and the data with the 
removal of multivariate outliers for all of the exercise outcomes (i.e., baseline exercise, week 1 
exercise, week 2 exercise, and the complete weekly data). For both iterations, analyses were 
conducted both with and without corrections for violations of the assumptions of linear 
regression where applicable. Across analyses, the hypothesis that identity would positively 
predict behavior and that this relationship would be moderated by context stability was more 
often supported for daily context stability in comparison with weekly context stability (R2 change 
for non-significant moderation effects .00-.02; R2 change for significant moderation effects .03-
.08). Specific results are discussed below. 
With regards to daily stability, hypotheses were not supported for 10 of the 16 iterations 
of the analysis of the hypothesis as all paths were non-significant in nine of these models and 
only the main effect of identity was significant in the 10th model (see Tables 13, 14, 15, and 16). 
In all of the models which included a significant main effect (i.e., 7; 43.75%), identity positively 
predicted behavior insofar that individuals who identified more strongly as exercisers engaged in 
more exercise. Additionally, in six models (37.5%) the main effect of daily stability on behavior 
was also significant in so far that individuals with more stable contexts tended to engage in more 
exercise. In the six models where the moderation term was also significant, the effect was 
negative, which indicated that identity predicted exercise behavior when daily context stability 
was low. That is, the hypothesis was supported in these six models. Conditional effects differed 
depending on the analysis and are shown in Tables 13, 14, 15, and 16. It is important to note, that 
the moderation effect was not robust (i.e., it only occurred in 37.5% of models) and thus these 
results need to be interpreted with caution.  
 With regards to weekly stability, the hypothesis was not supported in 11 of the 14 tests of 
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the hypothesis (i.e., for two of the tests of the data with the removal of outliers the assumptions 
of linear regression were met and thus the outcomes were not transformed). In three of the tests 
there was a main effect of identity on behavior insofar that individuals who more strongly 
identified as exercisers engaged in more exercise. Additionally, there was a main effect of 
weekly contextual stability on behavior insofar that individuals who were embedded in more 
stable contexts tended to exercise more often in these three models. Further in these three tests 
for which the moderator was also significant, the effect was negative so that identity predicted 
exercise behavior when weekly context stability was low, as was hypothesized. Specifically, 
conditional effects were significant for low levels of weekly stability (i.e., a value of 2). 
However, these results need to be interpreted with caution as they are not robust and only applied 
to week 1 outcomes when multivariate outliers were removed (i.e., 21.4% of models).  
Hypothesis 3 
For hypotheses involving the original IBCM, a measurement model (i.e., CFA) was 
conducted between latent variables and their factor indicators for initiators (Hoyle, 2012; Kline, 
2005). First, a CFA was run with latent variables (i.e., all variables with the exception of 
intention, implicit attitudes, implicit motivation, and exercise behavior). In this original model, 
the latent factor of attitudes consisted of both affective and instrumental indicators and the latent 
factor of subjective norms consisted of both injunctive and descriptive norms indicators (Rhodes 
& Courneya, 2003). This model was not an ideal fit for the data (RMSEA = .09, CFI = .83, TLI 
= .80, χ2 = 615.18 (199), p < .001). Although all factor indices were significantly related to their 
specified latent factor (p < .001), by examining the R2 for the items on latent factor of attitudes it 
was shown that instrumental attitude items represented points of ill fit (Hoyle, 2012). That is, all 
of the R2 values were lower than .32 (i.e., .21 - .32). Similarly, by examining the R2 values for the 
65 
latent factor of subjective norms it was shown that injunctive norm items represented points of ill 
fit with all R2 values being lower than .20 (i.e., .09 - .20). Thus, instrumental attitudes and 
injunctive norms explained less of the variance in their respective latent variables than either 
affective attitudes (R2 .34-.62) or descriptive norms (R2 .08-.84), respectively. Moreover, both 
instrumental attitudes (.68-.79) and injunctive norms (.80-.91) had higher levels of residual 
variance compared to affective attitudes (.38-.66) and descriptive norms (.17-.93). Given this 
initial evidence and that affective attitudes and descriptive norms have been shown to be more 
powerful predictors of intentions in comparison with instrumental attitudes and descriptive 
norms (Lowe, Eves, & Carroll, 2002; Zou, Savani, 2019). Therefore, a second measurement 
model which constrained the latent factor of attitudes to be indicated by affective attitudes only 
and constrained the latent factor of subjective norms to be indicated by descriptive norms only 
was conducted and fit the data well (RMSEA = .04, CFI = .99, TLI = .96, χ2 = 169.49 (109), p < 
.001). However, the first descriptive norm item (i.e., ‘Most of my family members exercise 
regularly’) was a poor indicator of the subjective norm latent construct (factor loading: .27; 
residual variance:.93; R2: .07). However, this item was retained, because it is part of an 
established scale and the removal of said item did not improve overall model fit in the third 
tested measurement model (RMSEA = .05, CFI = .97, TLI = .96, χ2 (95) = 156.78, p < .001). The 
second measurement model was used in the structural models in the subsequent analyses as it 
meets the principle of parsimony (Crawley, 2007; see Figure 9 for factor loadings). Regarding 
Hypothesis 7, this measurement model (with the exclusion of intrinsic motivation and action 
planning) also fit well for the Theory of Planned Behavior (RMSEA = .04, CFI = .99, TLI = .99, 
χ2 (24) = 32.27, p = .120). 
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Additionally, for Hypothesis 3 and 7 (i.e., that the original IBCM will be supported for 
initiators and will predict behavior significantly better than the Theory of Planned Behavior in 
initiators, respectively) a structural model was conducted to determine whether action planning 
moderated the intention behavior gap. The reason for this is that the analysis type in Mplus that 
allows for interactions between latent and observed variables does not provide traditional indices 
of model fit which can be used to determine whether a model fits the data well, which is 
necessary to compare between models (Muthén, 2009). Therefore, whether action planning was 
indeed a significant moderator was assessed. Results indicated that action planning did not 
moderate the intention behavior gap in this data (p = .28). Thus, the interaction term was 
removed from the model and subsequent analyses used the analysis type “general”, which allows 
for indices of model fit and thus comparisons across models (Muthén, 2009). As such, action 
planning was instead specified as a mediator of the intention behavior gap, which has been done 
in previous structural equation modeling assessments of the IBCM (e.g., Hagger et al., 2017). 
 Hypothesis 3, that the original IBCM would be supported for initiators, was tested using 
recursive structural equation modeling in Mplus. Regarding analyses using the full data, all 
models fit well for all four of the exercise outcomes both with and without the correction for 
non-normality and heteroscedasticity. Thus, the hypothesis was supported and the model 
utilizing the full data with baseline exercise as an outcome without corrections is presented 
(RMSEA = .04, CFI = .95, TLI = .94) and deviations from said model utilizing the multiverse 
approach are discussed. 
 First, intrinsic motivation predicted both perceived behavioral control (β = .26 (SE = .07), 
p < .001) and attitude (β = .72 (SE = .04), p < .001), but not descriptive subjective norms (β = .11 
(SE = .06), p = .093) (see Tables 17, 18, 19, and 20 for model fit results for the multiverse 
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analysis; see Figure 9 for structural model). That is, initiators who reported exercising because 
they found it enjoyable were also more likely to perceive themselves as being capable of 
exercising and to have a more positive affective response to exercise. Second, perceived 
behavioral control (β = .18 (SE = .06), p  = .004), attitude (β = .24 (SE = .06), p < .001), and 
descriptive subjective norms (β = .17 (SE = .06), p = .003) all predicted intention to engage in 
exercise with attitude being the strongest predictor. Thus, initiators were more likely to intend to 
exercise if they believed they were capable, felt positively towards exercise, and perceived that 
other individuals in their lives engaged in exercise. Next, intention predicted both action 
planning (β = .32 (SE = .06), p < .001), and actual behavioral engagement (β = .15 (SE = .06), p 
= .019). Thus, individuals who intended to exercise were more likely to plan to exercise and 
were more likely to actually engage in exercise behavior. Finally, neither action planning (β = 
.11 (SE = .08), p  = .153), implicit attitudes (β = .04 (SE = .07), p =.549), nor implicit motivation 
(β = -.07 (SE = .07), p = .289) predicted exercise behavior (Tables 18, 19, 20, and 21; Figure 9). 
All significant findings were consistent with the hypothesized directionality. 
 Deviations in path significance from the full dataset, without corrections, and with 
baseline exercise data utilized as an outcome variable which was presented above are discussed 
here. In the full set of data, the relationship between intentions and behavior was non-significant 
in the following analyses: week 1 exercise non-corrected, week 1 exercise with MLR correction, 
and the complete weekly data with MLR correction . The relationship between intention and 
behavior was significant in all of the models utilizing the removal of multivariate outliers. To 
that end, the relationship between intention and behavior was significant in 11 of the 14 (78.6%) 
tested models (the model fit for the second week of exercise data was non-interpretable because 
of poor model fit for both corrected and uncorrected data with the removal of multivariate 
68 
outliers). In the data set with the removal of multivariate outliers, the relationship between 
descriptive subjective norms and intention was non-significant in all of the interpretable models 
(i.e., excluding the two models that included week 2 as an outcome). That is, the relationship 
between descriptive subjective norms and intention was significant in 8 of the 14 tested models 
(57.1%; see Tables 17, 18, 19, and 20 for model fit results for all iterations of this hypothesis). 
No other paths varied across models in terms of significance or directionality.   
Hypothesis 4 
 Hypothesis 4 – the original IBCM will more accurately reflect the antecedents of 
behavior for initiators in comparison with maintainers – was first investigated by comparing the 
equivalence of the measurement model (i.e., CFA) with fixed factor loadings with the 
measurement model with free factor loadings to establish metric invariance (i.e., the pre-requisite 
of multi-group structural equation modeling). The model with fixed factor loadings across 
initiators and maintainers fit the data well (RMSEA = .05, CFI = .94, TLI = .94, χ2 = (242) 
417.77, p < .001). The model with free factor loadings across initiators and maintainers fitted 
similarly well (RMSEA = .05, CFI = .95, TLI = .95, χ2 (230) = 3382.17, p < .001; Table 21). 
Utilizing Cheung and Rensvold’s (2002) criteria, metric invariance was satisfied. That is, the 
RMSEA value for each model fits within the confidence interval of the other (Fixed: 95% CI 
[.045, .063], Free: 95% CI [.042, .061]. That is, the RMSEA values did not differ substantially 
between models. Thus, the structural model can be compared between initiators and maintainers.  
 The structural model was compared between initiators and maintainers for the original 
IBCM by comparing the model fit between (1) a model where factor loadings were fixed 
between groups but paths were allowed to vary and (2) a model where factor loadings were fixed 
between groups and the causal model was fixed between groups (i.e., path and mean parameters). 
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Whether the unconstrained model fit better was dependent on the outcome utilized, but overall 
the unconstrained model was supported for 14 of 16 comparisons meaning that model paths and 
mean parameters were significantly different between initiators and maintainers. 
 Overall, across the 14 models, the proportion of the paths that were significant between 
initiators and maintainers were as follows: (1) intrinsic motivation predicted perceived 
behavioral control in 14 models for initiators and 0 model for maintainers, (2) intrinsic 
motivation predicted attitude in all models for both initiators and maintainers, (3) intrinsic 
motivation predicted descriptive subjective norms in none of the models for either initiators or 
maintainers, (4) perceived behavioral control significantly predicted intention in all models for 
initiators but in none of the models for maintainers, (5) attitudes significantly predicted intention 
in all models for both initiators and maintainers, (6) descriptive subjective norms significantly 
predicted intention in six of the models for initiators and none of the models for maintainers, (7) 
intention predicted action planning in all of the models for initiators but in none of the models 
for maintainers, (8) action planning predicted behavior in none of the models for either initiators 
or maintainers, (9) intention significantly predicted behavior in 11 of the models for initiators 
and 8 of the models for maintainers, (10) implicit motivation did not significantly predict 
behavior in any of the models for either initiators or maintainers, and (11) implicit attitudes 
significantly predicted behavior in none of the models for initiators and one of the models for 
maintainers. All significant paths were as hypothesized in terms of directionality except the 
significant path between implicit attitudes and behavior that occurred in one model for 
maintainers. Thus, the IBCM was supported more so for initiators in comparison with 
maintainers across analyses. However, there was no unique proximal predictors of behavior for 
initiators in comparison with maintainers overall. Specific deviations between initiators and 
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maintainers on the IBCM depending on which section of the multiverse analysis was employed 
are explored below. Across all interpretable models, significant paths were in the hypothesized 
direction (see Table 1). 
 For baseline exercise, the unconstrained model was only supported when multivariate 
outliers were removed (i.e., 2 of 4 models; see Table 22). Given that the direction or significance 
of any path in the model did not differ between ML and MLR estimation for either initiators or 
maintainers, the model with multivariate outliers removed and without MLR corrections was 
explored further. Significant paths did not differ between initiators and maintainers in terms of 
directionality. However, three paths did differ between initiators and maintainers in terms of 
significance: (1) intrinsic motivation significantly predicted perceived behavioral control for 
initiators but not maintainers, (2) perceived behavioral control significantly predicted intention 
for initiators but not maintainers, and (3) intention significantly predicted action planning in 
initiators and not maintainers. Therefore, the hypothesis that the original IBCM would fit the 
data better for initiators than maintainers was supported in 2 out of 4 models tested with baseline 
exercise as the outcome. However, no unique proximal predictors of behavior emerged for 
initiators in comparison with maintainers in these models.  
 For week 1 exercise, the unconstrained model was supported in all four of the models 
(i.e., with and without multivariate outliers and with and without corrections; see Table 23). 
There were slight variations among models in terms of significance, but not in terms of direction 
for significant paths. For the full dataset (both corrected and non-corrected) the following path 
variations between initiators and maintainers were as follows: (1) intrinsic motivation was a 
significant predictor of perceived behavioral control for initiators but not maintainers, (2) 
perceived behavior control was a significant predictor of intention in initiators but not 
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maintainers, (3) descriptive subjective norms was a significant predictor of intention in initiators 
but not maintainers, (4) intention significantly predicted action planning for initiators but not 
maintainers, (5) and intention significantly predicted behavior for maintainers but not initiators. 
Deviations from this week 1 full data results when utilizing the data with the removal of 
multivariate outliers (both corrected and uncorrected) were that descriptive subjective norms was 
a non-significant predictor of intentions for both initiators and maintainers, and intention was a 
significant predictor of behavior for both initiators and maintainers. Therefore, the hypothesis 
that the original IBCM would fit the data better for initiators than maintainers was supported in 
all models with week 1 exercise as the outcome. However, like in tests with the baseline data as 
an outcome variable, no unique proximal predictors of behavior emerged for initiators. 
 For week 2 exercise, the unconstrained model was supported in all four of the models 
(Table 24). There were slight variations between models in terms of which paths were significant 
for each group but not in terms of directionality of significant paths. For the model utilizing the 
full data without corrections the differences were as follows: (1) intrinsic motivation positively 
predicted perceived behavioral control for initiators but not for maintainers, (2) perceived 
behavioral control positively predicted intention for initiators but not for maintainers, (3) 
descriptive subjective norms positively predicted intent for initiators but not for maintainers, (4) 
intention positively predicted action planning for initiators but not for maintainers, (5) intention 
positively predicted behavior for initiators but not for maintainers, and (6) the implicit attitudes 
measure negatively predicted exercise for maintainers (i.e., worse attitudes towards behavior 
predicted more behavioral engagement). Variations from the aforementioned week 2 results were 
as follows: In the week 2 data with MLR correction, implicit attitude was neither a significant 
predictor of behavior for initiators or maintainers. In week two data with the removal of 
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multivariate outliers with and without corrections, descriptive subjective norms did not predict 
intentions for initiators or maintainers and implicit attitudes did not significantly predict behavior 
for initiators or maintainers. 
 For the complete weekly data, the unconstrained model was supported in all four of the 
tested models (Table 25). For the model with the full data with and without corrections the 
differences between initiators and maintainers were as follows: (1) intrinsic motivation predicted 
perceived behavioral control for initiators but not for maintainers, (2) perceived behavioral 
control predicted intention for initiators but not for maintainers, (3) descriptive subjective norms 
predicted intention for initiators but not for maintainers, and (4) intention predicted action 
planning for initiators but not for maintainers. In both models, with multivariate outliers removed 
(i.e., with and without corrections for violations of regression assumptions), descriptive 
subjective norms did not predict intention for initiators or maintainers, and intention only 
predicted behavior for initiators but not for maintainers.  
Hypothesis 5 
For hypotheses involving the extension of the IBCM, a measurement model (i.e., CFA) 
was conducted to examine the relationships between latent variables and their factor indictors 
(Hoyle, 2012; Kline, 2005): habit, identity, and context stability composed of both weekly and 
daily stability items. While this model fit the data adequately (RMSEA = .06, CFI = .97, TLI = 
.95, χ2 (32) = 58.94, p = .003), the factor indices of daily and weekly context stability were not 
significantly related to their specified latent factor (p = .251 and p = .271, respectively). Thus, a 
second measurement model was conducted that only included the latent variables of habit and 
identity with associated factor indicators. This model represented a slightly better fit to the data 
(RMSEA = .06, CFI = .98, TLI = .97, χ2 (19) = 35.948, p = .011), additionally all factor indices 
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significantly loaded onto their latent factors and were equal to or greater than .50 (i.e., .50 - .92). 
To this end for Hypothesis 5, the moderators of daily and weekly context stability were assessed 
separately as observed variables.  
 Hypothesis 5 – the extended portion of the IBCM will be supported for maintainers – was 
tested using recursive structural equation modeling with interaction terms in Mplus. Specifically, 
it was hypothesized individuals with strong exercise habits would exercise more when they were 
embedded in more stable contexts and that individuals with strong exercise identities would 
exercise more when they were embedded in less stable contexts. Due to the moderation analyses, 
traditional model fit indices were not available in the necessary analysis type (Muthén, 2009). 
However, the measurement model fit the data well. Additionally, both AIC and BIC were 
substantially lower for comparable models that removed multivariate outliers suggesting that 
these models fit the data best (Tables 27 and 28). Results were mixed, but overall identity and 
the moderation of the relationship between identity and behavior was found in more models than 
the main effect or moderated effect for habit. That is individuals who identified strongly as 
exercisers tended to exercise more and that this was especially the case when their context was 
variable. These effects occurred primarily in the presence of daily contextual stability in 
comparison with weekly contextual stability. Specific results are discussed below. 
 Results were mixed (see Tables 26 and 27). First, models including daily context stability 
(i.e., 16 total) were assessed. Specifically, identity was a significant predictor of behavior in 10 
(62.5%) of the models, as expected. That is, individuals who identified more strongly as 
exercisers were also significantly more likely to exercise in these models. Nine of these effects 
occurred in the presence of the interaction term between identity and context stability. Regarding 
the interaction between identity and context stability, it was predicted that identity would be 
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more strongly related to behavior when people were embedded in less stable context. This 
hypothesis was supported in all of the models with significant moderation (9 of the 16 models; 
56.3%). The main effect of habit was significant in three of the tested models. In all of these 
models, habit was negatively related to behavior, counter to expectations, and there was also and 
associated moderation effect of habit on behavior according to context stability, which makes the 
interpretation of the sign of main effect questionable (Crawford, Jussim, Pilanski, 2014). This 
significant moderation effect occurred in a total of five models and in all of these higher levels of 
habit were related to higher levels of exercising when the individual was embedded in a more 
stable context, as predicted. Across these models, the influence of identity on behavior as 
moderated by context stability was more robust than the influence of habit and the majority of 
the observed effects occurred in the models that fit the data better in terms of AIC and BIC 
values (i.e., with the removal of multivariate outliers).  
 Second, models including weekly context stability (i.e., 16 total) were assessed (see 
Tables 26 and 27). Overall, the hypotheses were rejected in the majority of models. In one 
model, habit positively predicted exercise behavior insofar that individuals who reported stronger 
habits also engaged in more exercise, as expected. In three models, identity positively predicted 
behavior insofar that people who identified more strongly as exercisers also engaged in more 
exercise, as expected. None of the tests of moderation were significant for the interactions 
including either habit or identity. Like with daily context stability, the majority of the observed 
main effects occurred in the models with the best fit to the data in terms of AIC and BIC values 
(i.e., with the removal of multivariate outliers). 
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Hypothesis 6 
 Hypothesis 6 – the extended portion of the IBCM will more accurately reflect the 
antecedents of behavior for maintainers in comparison with initiators – was first examined by 
comparing the equivalence of the measurement model with fixed factor loadings with the 
measurement model with free factor loadings to establish metric invariance, which is a pre-
requisite of multi-group structural equation modeling. The constrained model (RMSEA = .09, 
CFI = .94, TLI = .93, χ2 (50) = 144.13, p < .001) did not differ significantly from the 
unconstrained model (RMSEA = .09, CFI = .94, TLI = .92, χ2 (44) = 134.91, p < .001) as 
assessed by Cheung and Rensvold’s (2002) criteria. That is, the RMSEA value for each model 
fits within the confidence interval of the other (Fixed: 95% CI [.07, .10], Free: 95% CI [.07, .11]. 
However, neither of the models fit well according to any of the four fit indices that were assessed 
(i.e., RMSEA, CFI, TLI, and χ2; Hu & Bentler, 1999). Given that the equivalent measurement 
model fit well when it was assessed solely in maintainers (i.e., Hypothesis 5: RMSEA = .06, CFI 
= .98, TLI = .97, χ2 (19) = 35.95, p = .011), it is likely that these effects are being driven by the 
inclusion of initiators in the model. When examining the factor loadings, habit items were 
substantially lower in initiators in comparison with maintainers (item 1: .63 vs .73, respectively; 
item 2: .52 vs. .73, respectively; item 3: .81 vs .85, respectively; item 4: .78 vs .90, respectively). 
Factor loadings did not differ substantially between group for factor indices of the latent factor of 
identity (i.e., maximum difference between item loading was .03). Given our criteria that model 
fit must be adequate before testing or interpreting results, this hypothesis will not be explored 
further as it is likely that the measure of exercise habit did not meet the criteria of metric 
invariance between initiators and maintainers and thus the scale may not be assessing the same 
construct for both groups.  
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Hypothesis 7 
 Hypothesis 7 – the original IBCM will predict behavior significantly better than the 
Theory of Planned Behavior in initiators – was tested using recursive structural equation 
modeling in Mplus and hierarchical linear regression in SPSS (see Figures 1 & 5; Tables 17, 18, 
19, and 20 for model fit). The hypothesis that the IBCM would add unique proximal predictors 
of behavior (i.e., action planning, implicit attitudes, and implicit motivation) in comparison with 
the TPB was disconfirmed across all multiverse comparisons utilizing structural equation 
modeling. That is for both models, only intention predicted behavior. Utilizing hierarchical linear 
regression, intention was entered in the first block followed by action planning, implicit attitudes, 
and implicit motivation in the second block. Each exercise outcome as assessed according to the 
multiverse strategy. Across models, action planning, implicit attitudes, and implicit motivation 
did not predict behavior, which was consistent with the results obtained from the structural 
equation models. The R2 change regarding action planning, implicit attitudes, and implicit 
motivation to the hierarchical linear regression model was between ,01 to .02. That is, the 
addition of these three predictors of behavior, as hypothesized by the IBCM, only predicted an 
additional 1-2% of the variance in behavior above and beyond intentions for initiators.  
Specifically, with regards to the structural equation models used to assess the Theory of 
Planned Behavior, all models fit the data well. Thus, the model with baseline exercise as an 
outcome without corrections is presented in terms of relationships between predictor and 
outcome variables (RMSEA = .03, CFI = .99, TLI = .99) and deviations from said model 
utilizing the multiverse approach are discussed. 
 Intention was predicted by perceived behavioral control (β = .17 (SE = .06), p =.006), 
attitude (β = .26 (SE = .07), p < .001), and descriptive subjective norms (β = .17 (SE = .06), p = 
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.002). Exercise behavior was predicted by intention (β = .19 (SE = .06), p = .001). For the full 
dataset, intention did not predict behavior when the week 1 non-corrected data was utilized. 
Thus, intention predicted behavior in 15 of the 16 multiverse models (i.e., 93.8%). For the data 
with multivariate outliers removed, descriptive subjective norms did not predict intention in any 
of the iterations. Thus, subjective descriptive norms predicted intentions in 8 of the 16 models 
(i.e., 50%). These results are similar to those presented in Hypothesis 3 which examined the 
proposed paths in the IBCM for initiators. 
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Figure 8. Multiverse analysis.  
Note. Moderate to vigorous exercise outcomes: Baseline, Week 1, Week 2, and Total Weekly. 
Each analysis was conducted with and without corrections for violations of regression.  
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Figure 9. Hypothesis 3.  
Note. PBC = perceived behavioral control. iat_a = implicit attitude. iat_m = implicit motivation. 
b_mvpa = baseline exercise.  
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Table 3  
EFA Pattern Matrix 
Item Factor 1 Loading 
Factor 2 
Loading 
Integrated: I consider exercise a fundamental part of who I am 1.04  
Integrated: I consider exercise part of my identity .991  
Integrated: I consider exercise consistent with my values .623  
Identified: It’s important for me to exercise regularly .516  
Integrated: I exercise because it is consistent with my life goals .499  
Identified: I get restless if I don’t exercise regularly .436  
Intrinsic: I enjoy my exercise sessions  .906 
Intrinsic: I find exercising a pleasurable activity  .876 
Intrinsic: I exercise because it’s fun  .717 
Intrinsic: I get pleasure and satisfaction from participating in exercise  .632 
Note. Items with cross loadings ≤ .2 were not included in the model. 
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Table 4  
Descriptive Statistics for Initiators and (Maintainers) 
 Mean SD Min Max 
BASELINE     
Self-Reported Behavioral Automaticity Index 2.73 
(3.53) 
0.76 
(0.96) 
1.00 
 
5.00 
 
Exercise Identity Scale 3.25 
(4.24) 
0.70 
(0.60) 
1.00 
 
5.00 
 
Affective Attitude 5.38 
(6.14) 
1.02 
(0.75) 
1.00 
 
7.00 
 
Instrumental Attitude 6.51 
(6.69) 
0.75 
(0.55) 
1.00 
 
7.00 
 
Injunctive Subjective Norms 3.63 
(3.90) 
0.86 
(0.90) 
1.00 
 
5.00 
 
Descriptive Subjective Norms 2.89 
(3.27) 
0.91 
(0.88) 
1.00 
 
5.00 
 
Perceived Behavioral Control 5.45 
(6.00) 
1.38 
(1.27) 
1.00 
 
7.00 
 
Intentions -0.20 
(.27) 
.78 
(.53) 
-3.28 
(-1.74) 
2.36 
(2.36) 
Action Planning 3.74 
(3.90) 
0.73 
(0.88) 
1.00 
 
5.00 
 
Intrinsic Regulation 3.68 
(4.33) 
0.77 
(0.60) 
1.00 
 
5.00 
 
Implicit Attitude 0.78 
(0.82) 
0.33 
(0.33) 
-0.30 
(-0.25) 
1.48 
(1.49) 
Implicit Motivation 0.46 
(0.51) 
0.37 
(0.36) 
-0.62 
(-0.52) 
1.33 
(1.33) 
Daily Context Stability 2.98 
(3.06) 
1.11 
(1.16) 
1.00 
 
5.00 
 
Weekly Context Stability 3.76 
(3.79) 
1.06 
(1.10) 
1.00 
 
5.00 
 
Exercise Duration MVPA 243.12 
(350.23) 
344.10 
(259.88) 
0.00 
(75.00) 
4460.00 
(2300.00) 
WEEK 1     
Exercise Duration MVPA 222.72 
(385.28) 
217.11 
(517.21) 
0.00 
(0.00) 
1920.00 
(3962.00) 
WEEK 2     
Exercise Duration MVPA 233.98 
(348.00) 
218.42 
(409.81) 
0.00 
(15.00) 
1500.00 
(3520.00) 
Note. Observed minimum and maximum reported for exercise variables, implicit variables, and 
intentions. Exercise is reported as total weekly minutes. Intention items were standardized before 
computing a total score given the different response formats. Positive values on implicit attitudes 
and implicit motivation correspond to more positive implicit attitudes and more autonomy. 
MVPA = Moderate to vigorous activity. 
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Table 5  
Correlations and Reliabilities for Initiators and (Maintainers)  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Note. Intention items were standardized before averaging given the different response formats. MVPA = Moderate to vigorous 
physical activity. Reliability for implicit measure is for entire sample.
 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
1. Habit .79 
(.87) 
               
2. Identity .44 
(.45) 
.77 
(.76) 
              
3. Affective Attitude .36 
(.33) 
.47 
(.36) 
.74 
(.69) 
             
4. Instrumental Attitude .03 
(.10) 
.23 
(.11) 
.41 
(.42) 
.82 
(.75) 
            
5. Injunctive Norms .08 
(.12) 
.17 
(.14) 
.19 
(.15) 
.32 
(.15) 
.60 
(.60) 
           
6. Descriptive Norms .16 
(.10) 
.14 
(.13) 
.12 
(.06) 
.08 
(.16) 
.39 
(.33) 
.67 
(.60) 
          
7. Perceived Control .16 
(.03) 
.26 
(.11) 
.28 
(.14) 
.30 
(.12) 
.17 
(.02) 
-.01 
(.10) 
.82 
(.69) 
         
8. Intentions .08 
(.06) 
.27 
(.11) 
.34 
(.25) 
.43 
(.18) 
.19 
(.02) 
.15 
(.07) 
.41 
(.23) 
.60 
(.20) 
        
9. Action Planning .20 
(.13) 
.20 
(.17) 
.32 
(.18) 
.26 
(.06) 
.17 
(.27) 
.08 
(.01) 
.26 
(.06) 
.31 
(-.01) 
.73 
(.84) 
       
10. Intrinsic Regulation .39 
(.39) 
.46 
(.43) 
.61 
(.55) 
.21 
(.21) 
.08 
(.13) 
.08 
(.14) 
.27 
(.009) 
.24 
(.07) 
.25 
(.22) 
.86 
(.86) 
      
11. Implicit Attitudes .09 
(.02) 
.12 
(.07) 
.02 
(.05) 
.02 
(.05) 
.05 
(.20) 
-.02 
(.10) 
.14 
(.01) 
.08 
(.18) 
.18 
(.14) 
.07 
(.14) 
.84      
12. Implicit Motivation .16 
(-.03) 
.14 
(-.13) 
.08 
(-.05) 
.11 
(.01) 
.08 
(-.11) 
-.07 
(.01) 
.21 
(-.07) 
.10 
(-.07) 
.12 
(-.15) 
.10 
(-.06) 
.31 
(.09) 
.80     
13. Daily Stability .10 
(.10) 
.04 
(-.10) 
.01 
(-.11) 
-.07 
(.05) 
-.02 
(-.16) 
-.08 
(-.06) 
.07 
(.12) 
.03 
(-.05) 
.05 
(.03) 
.04 
(-.13) 
.05 
(-.04) 
-.02 
(.07) 
-    
14. Weekly Stability .03 
(.02) 
.01 
(.02) 
.05 
(.06) 
.07 
(.13) 
.08 
(.002) 
-.12 
(-.06) 
.04 
(.26) 
.03 
(.04) 
.13 
(.20) 
.04 
(.00) 
.02 
(-.06) 
-.01 
(.14) 
.21 
(.32) 
-   
15. MVPA Baseline .14 
(.13) 
.18 
(.25) 
.13 
(.07) 
-.05 
(.05) 
-.03 
(.81) 
.03 
(.16) 
.05 
(.15) 
.14 
(.24) 
.15 
(.10) 
.12 
(.14) 
.06 
(.07) 
-.03 
(-.06) 
.06 
(-.04) 
.04 
(-.04) 
-  
16. MVPA Week 1 .07 
(.12) 
.22 
(-.04) 
.14 
(.10) 
.11 
(.15) 
.18 
(-.03) 
.05 
(.001) 
.12 
(.05) 
.02 
(.16) 
.11 
(.03) 
.09 
(.002) 
.13 
(-.06) 
.08 
(-.09) 
.07 
(-.01) 
.05 
(.08) 
.40 
(.39) 
- 
17. MVPA Week 2 .08 
(.17) 
.16 
(.10) 
.21 
(.07) 
.06 
(.13) 
.04 
(.03) 
.05 
(.11) 
.08 
(-.07) 
.20 
(.03) 
.01 
(-.03) 
.17 
(-.04) 
.01 
(-.17) 
.09 
(.05) 
.14 
(.06) 
.05 
(.10) 
.18 
(.24) 
.40 
(.65) 
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Table 6  
Normality and Homoscedasticity for the Integrated Behavior Change Model   
  Initiators Maintainers 
IVs DV N. H. N. H. 
Autonomous Motivation Affective 
Attitude 
✓ (✓) ✓ (✓) ✓(X) 
 
✓(✓) 
 
Autonomous Motivation Descriptive 
Norm 
✓ (✓) ✓ (✓) ✓ (✓) ✓ (✓) 
Autonomous Motivation Perceived 
Control 
✓ (X) ✓ (✓) ✓(X) 
 
✓(✓) 
 
Attitudes, Norms, Perceived 
Behavioral Control 
Intentions ✓ (✓) ✓ (✓) ✓ ✓) ✓ (✓) 
Intentions, Implicit Attitudes and 
Motivation, Action Planning 
Baseline 
Exercise X (X) X (✓) X (✓) ✓ (✓) 
Intentions, Implicit Attitudes and 
Motivation, Action Planning 
Week 1 
Exercise X (X) X (✓) X (X) ✓(✓) 
Intentions, Implicit Attitudes and 
Motivation, Action Planning 
Week 2 
Exercise X (X) X (✓) X (X) X (✓) 
Intentions, Implicit Attitudes and 
Motivation, Action Planning 
Week 1 and 2 
Exercise 
X (X) X (✓) X (X) X (X) 
Note. Multivariate outlier removal appears in parentheses. N = Normality. H = 
Homoscedasticity.  
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Table 7  
Normality and Homoscedasticity for Hypothesis 1 and 2   
  Maintainers 
IVs DV N. H. 
Hypothesis 1    
Habit, Daily Context Stability Baseline Exercise X (X) X (✓) 
Habit, Daily Context Stability Week 1 Exercise X (X) X (✓) 
Habit, Daily Context Stability Week 2 Exercise X (X) X (✓) 
Habit, Daily Context Stability Week 1 and 2 Exercise X (X) X (✓) 
Habit, Weekly Context Stability Baseline Exercise X (X) X (✓) 
Habit, Weekly Context Stability Week 1 Exercise X (X) X (✓) 
Habit, Weekly Context Stability Week 2 Exercise X (X) X (✓) 
Habit, Weekly Context Stability Week 1 and 2 Exercise X (✓) X (✓) 
Hypothesis 2    
Identity, Daily Context Stability Baseline Exercise X (X) X (✓) 
Identity, Daily Context Stability Week 1 Exercise X (X) X (✓) 
Identity, Daily Context Stability Week 2 Exercise X (X) X (✓) 
Identity, Daily Context Stability Week 1 and 2 Exercise X (X) X (✓) 
Identity, Weekly Context Stability Baseline Exercise X (✓) X (✓) 
Identity, Weekly Context Stability Week 1 Exercise X (X) X (✓) 
Identity, Weekly Context Stability Week 2 Exercise X (X) X (✓) 
Identity, Weekly Context Stability Week 1 and 2 Exercise X (✓) X (✓) 
Note. Multivariate outlier removal appears in parentheses. N = Normality. H = 
Homoscedasticity. 
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Table 8  
Normality and Homoscedasticity for Hypothesis 5   
  Maintainers 
IVs DV N. H. 
Daily    
Habit, Identity, Context Baseline Exercise X (X) X (✓) 
Habit, Identity, Context Week 1 Exercise X (X) X (✓) 
Habit, Identity, Context Week 2 Exercise X (X) X (✓) 
Habit, Identity, Context Week 1 and 2 Exercise X (X) X (✓) 
Weekly    
Habit, Identity, Context Baseline Exercise X (X) X (✓) 
Habit, Identity, Context Week 1 Exercise X (X) X (✓) 
Habit, Identity, Context Week 2 Exercise X (X) X (✓) 
Habit, Identity, Context Week 1 and 2 Exercise X (X) X (✓) 
Note. Multivariate outlier removal appears in parentheses. N = Normality. H = 
Homoscedasticity. 
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Table 9  
Hypothesis 1 Utilizing Full Fata and Daily Context Stability 
 b se t p 95% CI 
Hypothesis 1: Baseline      
Habit 41.00 51.31 0.80 .425 -60.18 to 142.19 
Daily Stability -7.29 63.28 -.12 .908 -132.09 to 117.51 
Interaction Term -1.32 16.78 -.08 .937 -34.41 to 31.76 
Hypothesis 1: Week 1      
Habit 96.97 128.86 .75 .453 -158.02 to 351.97 
Daily Stability 31.94 145.59 .22 .827 -256.16 to 320.05 
Interaction Term -11.20 39.82 -.28 .779 -90.01 to 67.60 
Hypothesis 1: Week 2      
Habit -102.82 101.67 -1.01 .313 -82.69.24 to 1444.06 
Daily Stability -207.71 121.32 -1.71 .089 -447.89 to 32.477 
Interaction Term 61.15 31.73 1.92 .056 -1.67 to 123.96 
Hypothesis 1: 
Combined Weekly 
     
Habit -16.53 129.14 -.128 .898 -272.74 to 239.67 
Daily Stability -102.85 147.33 -.698 .487 -395.15 to 189.44 
Interaction Term 30.98 39.86 .777 .438 -48.11 to 110.09 
Note. Untransformed results are presented. Results did not differ in terms of significance when 
the outcome was log transformed to correct for issues with non-normality and heteroscedasticity. 
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Table 10  
Hypothesis 1 Utilizing Full Data and Weekly Context Stability  
 b se t p 95% CI 
Hypothesis 1: Baseline      
Habit 57.76 65.84 .87 .381 -72.08 to 187.61 
Weekly Stability 11.23 63.70 .18 .860 -114.38 to 136.84 
Interaction Term -5.95 16.93 -.35 .726 -39.33 to 27.44 
Hypothesis 1: Week 1      
Habit 285.64 167.85 1.71 .091 -46.49 to 617.78 
Weekly Stability 240.29 151.97 1.58 .116 -60.43 to 541.01 
Interaction Term -60.77 43.04 -1.41 .160 -145.94 to 24.39 
Hypothesis 1: Week 2      
Habit -60.56 152.25 -.39 .692 -361.99 to 240.86 
Weekly Stability -93.13 145.55 -.63 .524 -381.28 to 195.02 
Interaction Term 36.04 38.14 .95 .347 -39.45 to 111.55 
Hypothesis 1: 
Combined Weekly 
     
Habit 134.93 224.26 .60 .549 -310.00 to 579.87 
Weekly Stability 100.45 202.71 .50 .621 -301.72 5o 502.63 
Interaction Term -15.29 55.59 -.28 .784 -125.59 to 95.00 
Note. Untransformed results are presented. Results did not differ in terms of significance when 
the outcome was log transformed to correct for issues with non-normality and heteroscedasticity, 
except for week 1 data where both habit, p = .03, and stability, p = .04, positively predicted 
behavior. 
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Table 11  
Hypothesis 1 Without Multivariate Outliers and Daily Context Stability  
 b se t p 95% CI 
Hypothesis 1: Baseline      
Habit -1.85 33.19 -.06 .956 -67.32 to 63.61 
Daily Stability -24.76 40.37 -.61 .540 -104.39 to 54.86 
Interaction Term 5.82 10.77 .54 .589 -15.43 to 27.06 
Hypothesis 1: Week 1      
Habit 107.99 38.57 2.80 .006 31.63 to 184.36 
Daily Stability 79.47 43.83 1.81 .072 -7.30 to 166.24 
Interaction Term -29.00 12.10 -2.40 .018 -52.95 to -5.05 
Conditional Effect Daily Stability: 2 49.99 18.59 2.69 .008 13.19 to 86.77 
Conditional Effect Daily Stability: 3 20.99 14.61 1.44 .153 -7.93 to 49.92 
Conditional Effect Daily Stability: 4 -8.01 19.35 -.41 .680 -46.31 to 30.30 
Hypothesis 1: Week 2      
Habit -39.76 40.29 -.99 .326 -119.56 to 40.05 
Daily Stability -87.99 48.43 -1.82 .072 -183.92 to 7.92 
Interaction Term 21.31 12.78 1.67 .098 -3.99 to 46.62 
Hypothesis 1: Combined Weekly      
Habit  46.86 37.98 1.23 .220 -28.56 to 122.28 
Daily Stability 12.11 43.75 .28 .783 -74.75 to 98.96 
Interaction Term -9.64 11.99 -.80 .423 -33.44 to 14.16 
 
Note. Untransformed results are presented. Results did not differ in terms of significance when 
the outcome was log transformed to correct for issues with non-normality and heteroscedasticity, 
except for with week 1 where all predictors were non-significant. Daily Stability: 2 = 16th 
percentile; 3 = 50th percentile, and 4 = 84th percentile. 
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Table 12  
Hypothesis 1 Without Multivariate Outliers and Weekly Context Stability  
 b se t p 95% CI 
Hypothesis 1: Baseline      
Habit 16.27 43.15 .38 .707 -68.83 to 101.37 
Weekly Stability -14.06 41.60 -.34 .736 -96.11 to 67.99 
Interaction Term .89 11.07 .08 .936 -20.94 to 22.73 
Hypothesis 1: Week 1      
Habit 173.89 50.47 3.45 .001 73.98 to 273.81 
Weekly Stability 143.03 45.47 3.15 .002 53.02 to 233.05 
Interaction Term -41.31 12.94 -3.19 .002 -66.93 to -15.69 
Conditional Effect Weekly Stability: 2 91.27 26.74 3.41 .009 38.32 to 144.22 
Conditional Effect Weekly Stability: 4 8.65 14.94 .58 .564 -20.93 to 38.23 
Conditional Effect Weekly Stability: 5 -32.66 21.90 -1.49 .139 -76.01 to 10.69 
Hypothesis 1: Week 2      
Habit -42.62 60.47 -.71 .480 -162.59 to 76.93 
Weekly Stability -59.77 57.58 -1.04 .301 -173.82 to 54.28 
Interaction Term 16.78 15.14 1.11 .270 -13.21 to 46.77 
Hypothesis 1: Combined Weekly      
Habit  41.69 68.08 .61 .542 -93.49 to 176.86 
Weekly Stability 26.36 61.03 .43 .667 -94.81 to 147.54 
Interaction Term -5.97 16.85 -.35 .724 -39.42 to 27.49 
Note. Untransformed results are presented. Results did not differ in terms of significance when 
the outcome was log transformed to correct for issues with non-normality and heteroscedasticity. 
These corrections were not tested with the combined data as there were no violations for the 
combined weekly exercise outcome when multivariate outliers were removed. Daily Stability: 2 
= 16th percentile; 4 = 50th percentile, and 5 = 84th percentile.  
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Table 13  
Hypothesis 2 with Full Data and Daily Context Stability  
 b se t p 95% CI 
Hypothesis 2: Baseline      
Identity 186.52 91.16 2.05 .042 6.74 to 366.31 
Daily Stability 100.79 114.52 .88 .380 -125.06 to 326.65 
Interaction Term -24.47 26.43 -.93 .356 -76.59 to 27.65 
Hypothesis 2: Week 1      
Identity 340.38 235.57 1.45 .151 -125.76 to 806.53 
Daily Stability 462.34 277.69 1.67 .098 -87.15 to 1011.84 
Interaction Term -110.38 65.07 -1.70 .092 -239.12 to 18.38 
Hypothesis 2: Week 2      
Identity 100.21 182.52 .55 .584 -261.13 to 461.55 
Daily Stability 60.25 226.07 .27 .790 -387.32 to 507.82 
Interaction Term -8.46 52.32 -.16 .872 -112.04 to 95.11 
Hypothesis 2: 
Combined Weekly 
     
Identity 242.25 220.72 1.10 .275 -195.65 to 680.15 
Daily Stability 315.00 267.10 1.18 .241 -214.92 to 844.92 
Interaction Term -72.07 62.52 -1.15 .252 -196.09 to 51.96 
Note. Untransformed results are presented. Results did not differ in terms of significance when 
the outcome was log transformed to correct for issues with non-normality and heteroscedasticity 
for baseline or week 2 data. However, for week 1 data and the combined weekly data all paths 
were significant with the moderator having a negative effect. For week 1, the conditional effect 
of level 2 was a significant positive effect. For the combined weekly data, none of the 
conditional effects were significant. 
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Table 14  
Hypothesis 2 with Full Data and Weekly Context Stability 
 b se t p 95% CI 
Hypothesis 2: Baseline      
Identity 81.57 109.56 .74 .458 -134.49 to 297.63 
Weekly Stability -41.57 120.68 -.34 .731 -279.57 to 196.44 
Interaction Term 7.08 28.00 .23 .801 -48.14 to 62.30 
Hypothesis 2: Week 1      
Identity 370.26 273.96 1.35 .179 -171.86 to 912.37 
Weekly Stability 512.76 307.22 1.67 .098 -95.16 to 1120.69 
Interaction Term -111.26 71.61 -.155 .123 -252.96 to 30.44 
Hypothesis 2: Week 2      
Identity -108.34 249.99 -.43 .666 -603.26 to 386.58 
Weekly Stability -156.80 273.87 -.57 .568 -699.01 to 385.41 
Interaction Term 45.75 63.22 .72 .471 -79.41 to 170.91 
Hypothesis 2: 
Combined Weekly 
     
Identity 119.95 319.65 .38 .708 -514.22 to 754.12 
Weekly Stability 179.21 348.90 .51 .609 -513.01 to 871.43 
Interaction Term -30.55 80.66 -.38 .706 -190.58 to 129.48 
Note. Untransformed results are presented. Results did not differ in terms of significance when 
the outcome was log transformed to correct for issues with non-normality and heteroscedasticity 
for baseline, week  2, or complete weekly data. However, for week 1 data all of the paths were 
significant with the moderator having a negative effect. However, none of the conditional effects 
were significant. 
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Table 15  
Hypothesis 2 Without Multivariate Outliers and Daily Context Stability  
 b se t p 95% CI 
Hypothesis 2: Baseline      
Identity 75.94 59.46 1.28 .203 -41.32 to 193.21 
Daily Stability 32.79 74.04 .44 .658 -113.25 to 178.82 
Interaction Term -7.74 17.14 -.45 .652 -41.54 to 26.05 
Hypothesis 2: Week 1      
Identity 214.93 69.90 3.07 .003 76.54 to 353.31 
Daily Stability 214.68 83.65 2.57 .012 49.07 to 830.29 
Interaction Term -55.00 19.55 -2.81 .005 -93.69 to -16.30 
Conditional Effect Daily Stability: 2 104.93 35.73 2.94 .004 34.20 to 175.67 
Conditional Effect Daily Stability: 3 49.94 24.86 2.001 .047 .72 to 99.15 
Conditional Effect Daily Stability: 4 -5.06 26.89 -.19 .851 -58.31 to 48.18 
Hypothesis 2: Week 2      
Identity 59.77 71.24 .84 .403 -81.33 to 200.87 
Daily Stability 33.50 89.18 .38 .708 -143.14 to 210.14 
Interaction Term -9.81 20.58 -.47 .625 -50.57 to 30.96 
Hypothesis 2: Combined Weekly      
Identity 153.48 62.58 2.45 .016 29.22 to 277.74 
Daily Stability 159.21 77.58 2.05 .043 5.18 to 313.25 
Interaction Term -42.42 18.09 -2.34 .021 -78.33 to -6.50 
Conditional Effect Daily Stability: 2 68.65 31.79 2.16 .033 5.52 to 131.77 
Conditional Effect Daily Stability: 3 26.23 23.23 1.13 .262 -19.88 to 72.35 
Conditional Effect Daily Stability: 4 -16.18 26.88 -.60 .549 -69.56 to 37.19 
Note. Untransformed results are presented. Results did not differ in terms of significance when 
the outcome was log transformed except for week 1 data where only the conditional effect 2 for 
daily stability was significant. Daily Stability: 2 = 16th percentile; 4 = 50th percentile, and 5 = 84th 
percentile. 
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Table 16  
Hypothesis 2 Without Multivariate Outliers and Weekly Context Stability  
 b se t p 95% CI 
Hypothesis 2: Baseline      
Identity 37.75 72.47 .52 .603 -105.17 to 180.68 
Weekly Stability -34.06 79.77 -.43 .670 -191.39 to 123.27 
Interaction Term 5.37 18.54 .29 .772 -31.18 to 41.93 
Hypothesis 2: Week 1      
Identity 273.68 81.85 3.34 .001 111.64 to 435.71 
Weekly Stability 284.81 92.18 3.09 .003 102.31 to 467.32 
Interaction Term -66.05 21.53 -3.07 .003 -108.67 to -23.42 
Conditional Effect Weekly Stability: 2 141.59 42.52 3.33 .001 57.40 to 225.77 
Conditional Effect Weekly Stability: 3 9.50 25.02 .38 .705 -40.05 to 59.04 
Conditional Effect Weekly Stability: 4 -56.55  37.76 -1.50 .137 -131.31 to 18.21 
Hypothesis 2: Week 2      
Identity 12.14 98.53 .12 .902 -183.02 to 207.29 
Weekly Stability -17.40 107.82 -.16 .872 -230.95 to 196.15 
Interaction Term 4.50 24.95 .18 .857 -44.91 to 53.91 
Hypothesis 2: Combined Weekly      
Identity 161.63 93.87 1.72 .088 -24.75 to 348.01 
Weekly Stability 162.50 102.37 1.59 .116 -40.76 to 365.76 
Interaction Term -36.60 23.75 -1.54 .127 -83.75 to 10.55 
Note. Untransformed results are presented. Results did not differ in terms of significance when 
the outcome was log transformed to correct for issues with non-normality and heteroscedasticity. 
Outcomes were not transformed for baseline or complete weekly data because the assumptions 
of linear regression were not violated. Daily Stability: 2 = 16th percentile; 4 = 50th percentile, and 
5 = 84th percentile. 
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Table 17  
Structural Equation Model for Hypotheses 3 & 7 with Baseline Data  
 Chi-Square RMSEA CFI TLI 
Full Data     
ML IBCM 259.31 (182), p < .001 .04 .96 .95 
ML TPB 47.54 (40), p = .193 .03 .99 .99 
MLR IBCM 250.11 (182), p = .001 .04 .96 .95 
MLR TPB 45.26 (40), p = .262 .02 .99 .99 
Multivariate 
Outliers 
Removed 
    
ML IBCM 240.87 (182), p = .002 .04 .96 .96 
ML TPB 51.77 (40), p =.101 .03 .99 .98 
MLR IBCM 229.85 (182), p =.01 .03 .97 .96 
MLR TPB 51.13 (140), p = .112 .03 .99 .98 
Note. IBCM = Integrated Behavior Change Model. TPB = Theory of Planned Behavior. ML = 
Maximum likelihood parameter estimation. MLR = Maximum likelihood parameter estimates 
with robust standard errors. 
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Table 18  
Structural Equation Model for Hypotheses 3 & 7 with Week 1 Data 
 Chi-Square RMSEA CFI TLI 
Full Data     
ML IBCM 265.83 (182), p < .001 .04 .95 .95 
ML TPB 50.72 (40), p = .119 .03 .99 .98 
MLR IBCM 250.34 (182), p = .001 .04 .96 .95 
MLR TPB 48.16 (40), p = .176 .03 .99 .99 
Multivariate 
Outliers 
Removed 
    
ML IBCM 247.48 (182), p = .001 .04 .96 .95 
ML TPB 40.70 (40), p = .439 .01 .99 .99 
MLR IBCM 232.83 (182), p = .001 .03 .97 .96 
MLR TPB 42.28 (40), p = .373 .01 .99 .99 
Note. IBCM = Integrated Behavior Change Model. TPB = Theory of Planned Behavior. ML = 
Maximum likelihood parameter estimation. MLR = Maximum likelihood parameter estimates 
with robust standard errors. 
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Table 19  
Structural Equation Model for Hypotheses 3 & 7 with Week 2 Data 
 Chi-Square RMSEA CFI TLI 
Full Data     
ML IBCM 291.83 (182), p < .001 .05 .94 .93 
ML TPB 72.03 (40), p = .001 .05 .97 .95 
MLR IBCM 277.69 (182), p < .001 .04 .94 .93 
MLR TPB 68.67 (40), p = .001 .05 .96 .95 
Multivariate 
Outliers Removed 
    
ML IBCM 630.29 (182), p < .001 .10 .73 .69 
ML TPB 55.58 (40), p = .05 .04 .98 .98 
MLR IBCM 588.18 (182), p < .001 .09 .73 .69 
MLR TPB 54.14 (40), p = .07 .04 .98 .98 
Note. IBCM = Integrated Behavior Change Model. TPB = Theory of Planned Behavior. ML = 
Maximum likelihood parameter estimation. MLR = Maximum likelihood parameter estimates 
with robust standard errors. 
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Table 20  
Structural Equation Model for Hypotheses 3 & 7 with Weekly Data 
 Chi-Square RMSEA CFI TLI 
Full Data     
ML IBCM 277.98 (182), p < .001 .04 .95 .94 
ML TPB 66.93 (40), p = .005 .05 .97 .96 
MLR IBCM 262.56 (182), p < .001 .04 .95 .94 
MLR TPB 61.94 (40), p = .01 .04 .97 .96 
Multivariate 
Outliers 
Removed 
    
ML IBCM 260.79 (182), p < .001 .04 .95 .95 
ML TPB 57.33 (40), p = .037 .04 .98 .97 
MLR IBCM 247.06 (182), p = .001 .04 .96 .95 
MLR TPB 55.22 (40), p =.055 .04 .98 .97 
Note. IBCM = Integrated Behavior Change Model. TPB = Theory of Planned Behavior.  
ML = Maximum likelihood parameter estimation. MLR = Maximum likelihood parameter 
estimates with robust standard errors.
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Table 21  
Measurement Model for Hypothesis 4  
 Factor Loading SE p 
Autonomous By    
Item 1 .79 (.83) .03 (.03) <.001 (<.001) 
Item 2 .81 (.79) .03 (.03) <.001 (<.001) 
Item 3 .88 (.83) .02 (.04) <.001 (<.001) 
Item 4 .64 (.65) .04 (.04) <.001 (<.001) 
Perceived Control By    
Item 1 .86 (.78) .03 (.05) <.001 (<.001) 
Item 2 .86 (.79) .03 (.05) <.001 (<.001) 
Item 3 .64 (.50) .04 (.06) <.001 (<.001) 
Attitude By    
Item 1 .70 (.57) .04 (.05) <.001 (<.001) 
Item 2 .89 (.80) .03 (.04) <.001 (<.001) 
Item 3 .54 (.61) .05 (.05) <.001 (<.001) 
Norms By    
Item 1 .27 (.28) .06 (.06) <.001 (<.001) 
Item 2 .85 (.75) .07 (.06) <.001 (<.001) 
Item 3 .90 (.95) .07 (.07) <.001 (<.001) 
Action Planning By    
Item 1 .48 (.73) .06 (.04) <.001 (<.001) 
Item 2 .63 (.68) .05 (.05) <.001 (<.001) 
Item 3 .68 (.77) .05 (.04) <.001 (<.001) 
Item 4 .77 (.81) .03 (.04) <.001 (<.001) 
Note. Factor loadings are presented for the model in which they were allowed to vary only. 
Initiators and (Maintainers). 
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Table 22  
Structural Equation Model for Hypothesis 4 with Baseline Data                         
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Note. ML = Maximum likelihood parameter estimation. MLR = Maximum likelihood parameter 
estimates with robust standard errors. 
  
       Chi-Square RMSEA CFI TLI 
Full Data     
ML Fixed Paths 613.59 (398), p < .001 .05 .93 .93 
ML Free Paths 595.18 (387), p < .001 .05 .93 .93 
MLR Fixed Paths 604.53 (398), p < .001 .05 .93 .92 
MLR Free Paths 586.31 (387), p < .001 .05 .93 .93 
Multivariate  
Outliers  
Removed 
    
ML Fixed Paths 586.90 (398), p < .001 .05 .93 .93 
ML Free Paths 562.94 (387), p < .001 .05 .94 .93 
MLR Fixed Paths 569.41 (398), p < .001 .04 .93 .93 
MLR Free Paths 545.36 (387), p < .001 .04 .94 .93 
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Table 23  
Structural Equation Model for Hypothesis 4 with Week 1 Data                                
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Note. ML = Maximum likelihood parameter estimation. MLR = Maximum likelihood parameter 
estimates with robust standard errors. 
 
  
      Chi-Square RMSEA CFI TLI 
Full Data     
ML Fixed Paths 623.67 (398), p < .001 .05 .93 .92 
ML Free Paths 592.07 (387), p < .001 .05 .93 .93 
MLR Fixed Paths 602.71 (398), p < .001 .05 .93 .92 
MLR Free Paths 573.23 (387), p < .001 .05 .93 .93 
Multivariate 
Outliers 
Removed 
    
ML Fixed Paths 606.64 (398), p < .001 .05 .93 .92 
ML Free Paths 579.19 (387), p < .001 .05 .93 .93 
MLR Fixed Paths 583.27 (398), p < .001 .05 .93 .92 
MLR Free Paths 556.30 (387), p < .001 .04 .93 .93 
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Table 24  
Structural Equation Model for Hypothesis 4 with Week 2 Data                                
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Note. ML = Maximum likelihood parameter estimation. MLR = Maximum likelihood parameter 
estimates with robust standard errors. 
  
      Chi-Square RMSEA CFI TLI 
Full Data     
ML Fixed Paths 644.54 (398), p < .001 .05 .92 .92 
ML Free Paths 624.31 (387), p < .001 .05 .92 .92 
MLR Fixed Paths 623.51 (398), p < .001 .05 .92 .91 
MLR Free Paths 603.55 (387), p < .001 .05 .92 .92 
Multivariate  
Outliers 
Removed 
    
ML Fixed Paths 626.35 (398), p < .001 .05 .92 .92 
ML Free Paths 600.31 (387), p < .001 .05 .93 .92 
MLR Fixed Paths 606.62 (398), p <. 001 .05 .92 .92 
MLR Free Paths 580.79 (387), p < .001 .05 .93 .92 
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Table 25  
Structural Equation Model for Hypotheses 4 with Weekly Data 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Note. ML = Maximum likelihood parameter estimation. MLR = Maximum likelihood parameter 
estimates with robust standard errors. 
 
  
      Chi-Square RMSEA CFI TLI 
Full Data     
ML Fixed Paths 629.61 (398), p < .001 .05 .92 .92 
ML Free Paths 605.09 (387), p < .001 .05 .93 .92 
MLR Fixed Paths 608.73 (398), p < .001 .05 .92 .92 
MLR Free Paths 584.77 (387), p < .001 .05 .93 .92 
Multivariate 
Outliers 
Removed 
    
ML Fixed Paths 625.24 (398), p < .001 .05 .92 .92 
ML Free Paths 602.50 (387), p < .001 .05 .92 .92 
MLR Fixed Paths 609.13 (398), p < .001 .05 .92 .92 
MLR Free Paths 585.56 (387), p < .001 .05 .92 .92 
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Table 26  
Structural Equation Model for Hypothesis 5 with Baseline and Week 1 
Note. AIC, BIC, and Sample-Size Adjusted BIC model estimates are the same for ML and MLR 
estimation. Int1 = interaction between habit and context stability. Int2 =interaction between 
identity and context stability. Paths with ML Estimation and (MLR estimation).  
 AIC BIC Sample-Size Adj. BIC 
Full Data    
Daily Context with Baseline  6648.04 6554.68 6453.29 
Habit 
-.06, p =.77 
(-.07, p = .63) 
Int1: 
.02, p = 83 
(.02, p = .71) 
Identity: 
.50, p = .06 
(.50, p =.001) 
Int2: 
-.08, p = .37 
(-.08, p =.14) 
Weekly Context with Baseline 6648.01 6554.66 6453.27 
Habit: 
.18, p =.54 
(.18, p = .26) 
Int1: 
-.06, p = .48 
(-.06, p = .20) 
Identity: 
.08, p =.81 
(.08, p =.77) 
Int2: 
.06, p = .51 
(.06, p = .46) 
Multivariate Outliers 
Removed 
   
Daily Context with Baseline 6160.88 6266.90 6165.52 
Habit: 
-.22, p =.36 
(-.22, p =.22) 
Int1: 
.08, p = .38 
(.08, p =.29) 
Identity: 
.44, p = .11 
(.44, p = .04) 
Int2: 
-.08, p = .40 
(-.08, p =.33) 
Weekly Context  
with Baseline 
6198.18 6304.36 6202.97 
Habit: 
.09, p = .76 
(.09, p =.68) 
Int1: 
-.03, p = .75 
(-.03, p = .68) 
Identity: 
.01, p = .99 
(.01, p = .98) 
Int2: 
.07, p = .48 
(.07, p = .42) 
Full Data    
Daily Context with Week 1 5672.18 5778.83 5677.44 
Habit: 
-.15, p = .63 
(-.15, p = .43) 
Int1: 
.13, p = .25 
(.13, p = .12) 
Identity: 
.53, p = .13 
(.53, p = .01) 
Int2: 
-.23, p = .04 
(-.23, p = .01) 
Weekly Context with Week 1 5672.61 5779.26 5667.87 
Habit: 
.33, p = .36 
(.33, p = .14) 
Int1: 
-.04, p = .69 
(-.04, p = .54) 
Identity: 
.34, p = .37 
(.34, p =.02) 
Int2: 
-.14, p = .21 
(-.14, p = .06) 
Multivariate Outliers 
Removed 
   
Daily Context with Week 1 5176.65 5282.36 5180.98 
Habit: 
.25, p = .43 
(.25, p =.41) 
Int1: 
-.06, p = .62 
(-.06, p = .59) 
Identity: 
.74, p = .03 
(.74, p = .02) 
Int2: 
-.22, p = .06 
(-.22, p =.04) 
Weekly Context with Week 1 5176.74 5282.45 5181.07 
Habit: 
.66, p = .07 
(.66, p =.03) 
Int1: 
-.17, p = .11 
(-.17, p = .07) 
Identity: 
.75, p = .04 
(.75, p = .03) 
Int2: 
-.19, p = .08 
(-.20, p = .06) 
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Table 27  
Structural Equation Model for Hypothesis 5 with Week 2 and Weekly 
 
 
Note. AIC, BIC, and Sample-Size Adjusted BIC model estimates are the same for ML and MLR 
estimation. Int1 = interaction between habit and context stability. Int2 =interaction between 
identity and context stability. Paths with ML Estimation and (MLR estimation). 
  
 AIC BIC Sample-Size Adj. BIC 
Full Data    
Daily Context with Week 2 5532.92 5639.56 5538.18 
Habit: 
-.05, p = .06 
(-.54, p = .01) 
Int1: 
.29, p = .01 
(.29, p < .001) 
Identity: 
.46, p = .15 
(.46, p = .06) 
Int2: 
-.17, p = .13 
(-.17, p = .11) 
Weekly Context with Week 2 5536.72 5643.37 5541.98 
Habit: 
-.16, p =.71 
(-.16, p =.50) 
Int1: 
.09, p = 48 
(.09, p = .29) 
Identity: 
-.13, p = 79 
(-.13, p = .64) 
Int2: 
.05, p = .72 
(.05, p = .32) 
Multivariate Outliers 
Removed 
   
Daily Context with Week 2 5111.54 5217.25 5115.87 
Habit: 
-.84, p = .01 
(-.84, p = .01) 
Int1: 
.41, p = .001 
(.41, p < .001) 
Identity: 
.83, p = .02 
(.83, p = .02) 
Int2: 
-.32, p = .01 
(-.32, p = .01) 
Weekly Context with Week 2 5119.90 5225.61 5124.23 
Habit: 
-.49, p = .19 
(-.49, p = .23) 
Int1: 
.19, p = .16 
(.19, p = .12) 
Identity: 
.21, p = .68 
(.21, p = .64) 
Int2: 
-.06, p = .70 
(-.06, p = .68) 
Full Data    
Daily Context with Complete 5260.89 5367.54 5266.15 
Habit: 
-.38, p = .24 
(-.38, p = .05) 
Int1: 
.23, p = .05 
(.23, p = .01) 
Identity: 
.56, p = .11 
(.56, p = .01) 
Int2: 
-.24, p =.04 
(-.24, p = .01) 
Weekly Context with Complete 5264.48 5371.13 5269.74 
Habit: 
.11, p = .83 
(.11, p = .78) 
Int1: 
.03, p = .86 
(.03, p = .83) 
Identity: 
.15, p = .76 
(.15, p = .51) 
Int2: 
-.07, p = .63 
(-.07, p =.43) 
Multivariate Outliers 
Removed 
   
Daily Context with Complete 4821.37 4927.08 4825.70 
Habit: 
-.30, p = .40 
(-.30, p = .33) 
Int1: 
.16, p = .23 
(.16, p = .17) 
Identity: 
.97, p = .01 
(.97, p = .002) 
Int2: 
-.35, p = .01 
(-.35, p = .002) 
Weekly Context with Complete 4829.95 4935.65 4834.27 
Habit: 
-.20, p = .72 
(-.20, p = .64) 
Int1: 
.08, p = .60 
(.08, p = .50) 
Identity: 
.78, p = .12 
(.78, p = .06) 
Int2: 
-.21, p = .15 
(-21, p = .09) 
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CHAPTER 4. DISCUSSION  
 
  Behavioral theories in health psychology have largely focused on conscious mechanisms 
of behavioral engagement that are more likely to apply to the initiation phase of behavior change 
rather than explain why people sustain behavioral engagement (Rhodes et al., in press). This is 
problematic, because mechanisms of behavior are known to differ between initiators and 
maintainers (e.g., Phillips et al., 2016) and because focusing solely on conscious factors, such as 
beliefs, ignores the influence that non-conscious processes have on behavior (Rebar et al., 2016). 
The overarching purpose of this study was two-fold. The first purpose was to test the utility of a 
dual-process theory of behavior – the Integrated Behavior Change Model (IBCM) – for 
predicting behavior in initiators. The second purpose was to propose and empirically evaluate the 
relative importance of mechanisms of behavioral engagement that pertain to maintainers. These 
research questions were addressed within the context of physical activity. 
Mechanisms of Behavior for Initiators  
 A direct test of the IBCM was conducted for initiators (Hagger & Chatzisarantis, 2014). 
The overarching theoretical model was supported in the majority of conducted structural 
equation models (Figure 5 and Figure 9) and all significant relationships between constructs 
were in the hypothesized direction (Table 1). First, in all of the supported models, intrinsic 
motivation predicted both perceived behavioral control and affective attitude but not descriptive 
subjective norms. That is, initiators who exercise because they thought it was fun also felt more 
competent and had positive emotional associations with exercising (e.g., believed it would be 
interesting and relaxing). However, initiators who exercise because they believed it was fun did 
not perceive that others around them were exercising more often. Second, perceived behavioral 
control and affective attitudes predicted behavioral intentions in all of the models, but descriptive 
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subjective norms only predicted intentions in 57% of the models. Therefore, initiators who feel 
positively about engaging in exercise and who believe that they are competent to do so were 
more likely to intend to exercise in the future. Additionally, initiators who perceive that others 
around them exercise often (i.e., friends, family, and peers) are more likely to intend to exercise 
in the future. Further, the relationship between intrinsic motivation and intention was mediated 
by perceived behavioral control and affective attitudes but not by descriptive subjective norms. 
That is, individuals who exercised because they enjoy it were more likely to intend to exercise in 
the future because they believed they were capable and felt positively about doing so.  
 Third, intention to exercise predicted actual exercise behavior in the majority of the tested 
models (i.e., 78.5%). In addition, intention mediated the relationship between all three of its 
antecedents (i.e., perceived behavioral control, affective attitude, and descriptive subjective 
norms) and behavior. Intention was also hypothesized to predict action planning (e.g., having 
concrete plans of when and where to exercise in the future) and this was supported in all of the 
tested models. That is people who intended to exercise were more likely to make plans to do so. 
However, having a concrete plan did not predict actual exercise behavior for initiators in any of 
the models. Finally, neither implicit attitude nor implicit motivation significantly predicted 
behavior in any of the models for initiators. That is, individuals’ automatic emotional evaluation 
of exercise and underlying tendency to perform behaviors for autonomous (e.g., fun) or 
controlled (e.g., for the sake of others) reasons did not influence behavioral engagement.  
 Overall, the aforementioned relationships fit within the existing literature that has 
examined the relationships hypothesized within the IBCM (Brown, Hagger, Morrissey, & 
Hamilton, 2018; Caudwell, Keech, Hamilton, Mullan, & Hagger, 2019; Hagger, Trost, Keech, 
Chan, & Hamilton, 2017; Hamilton, Kirkpatrick, Rebar, & Hagger, 2017; Shannon, Breslin, 
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Haughey, Sarju, Neill, Lawlor, & Leavey, 2019; Figure 5). However, the present study does have 
one variation when comparing the findings to previous research. Specifically, there was no 
relationship between intrinsic motivation and descriptive subjective norms in the present study, 
but this relationship has been largely supported in previous tests of the IBCM (Brown et al., 
2018; Caudwell et al., 2019; Hagger et al., 2017; Hamilton et al., 2017; Shannon et al., 2019). 
This discrepancy could be due to the low power estimates concerning between autonomous 
motivation and subjective norms in the present research. Additionally, implicit attitudes did not 
predict behavior in the present study unlike previous research (Hagger et al., 2017). Finally, to 
my knowledge, there are no previous tests of implicit motivation as a direct predictor of behavior 
within the IBCM and thus the non-significant results in the present study cannot be compared to 
previous findings. 
 The IBCM (Hagger & Chatzisarantis, 2014) is a theoretical extension of the Theory of 
Planned Behavior (Ajzen, 1991) and the utility of this extension was evaluated in initiators, the 
individuals for whom this model should be the most relevant. In all model comparisons, the 
IBCM did not add any unique predictors of behavior itself for initiators (i.e., implicit attitudes, 
implicit motivation, and action planning were not significantly related to behavior and only 
predicted an additional 1-2% variance in exercise behavior above and beyond intentions). 
 In this first known test of the IBCM for physical activity (Hagger & Chatzisarantis, 
2014), the utility of the theory was supported for individuals who were just starting their exercise 
journey (i.e., initiators). However, the IBCM did not add a unique contribution to the direct 
prediction of behavior itself in comparison with the TPB. That is, in tests of both theories only 
intention to engage in a behavior significantly predicted behavior itself. To that end, the viability 
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of the IBCM is called into question with regards to physical activity behavior in this initial 
assessment.  
 Specifically, the IBCM adds action planning, implicit attitudes, and implicit motivation 
as direct predictors of behavior, none of which were significant predictors in the current study 
(Hagger & Chatzisarantis, 2014), or in previous research utilizing the IBCM (i.e., action 
planning; Brown et al., 2018; Hagger et al., 2017; Hamilton et al., 2017). Action planning has 
been shown to be a viable target to elicit behavioral change in interventions and is one of the 
only behavior change techniques that leads to continued engagement 6-months post-intervention 
(Gollwitzer & Sheeran, 2006; Howlett, Trivedi, Troop, & Chater, 2019). The lack of significant 
results in the present research may be because plans vary in terms of quality (e.g., I will exercise 
on Tuesdays versus I will exercise on Tuesday after work; I will exercise after I eat versus I will 
exercise after I eat breakfast; de Vet, Oenema, & Brug, 2011). Quality of action plans may be 
especially problematic when they are made without the guidance of an intervention such as in the 
present work. Action planning is known to be a viable target for habit development and, in turn, 
increased behavioral frequency in health behavior engagement. Thus, it should not be discounted 
based on this research finding.  
 Neither implicit motivation nor implicit attitude emerged as unique predictors of behavior 
for physical activity. Thus, it is possible that implicit attitudes and motivation are not viable for 
behavioral interventions to target directly due to their small influence on behavior. This may be 
especially true for implicit motivation, which constitutes a trait-like tendency in why one 
performs behaviors, which may be more resistant to change. However, at least in terms of state-
like constructs, past interventions have been successful at targeting implicit attitudes (as 
measured by IATs) and, in turn, behavioral intentions as well as behavior itself (e.g., alcohol 
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consumption; healthy eating; voting intentions for policies that are against LGBTQIA+ 
individuals; Dasgupta & Rivera, 2008; Hollands, Prestwich, & Marteau, 2011; Houben, 
Havermans, & Wiers, 2010). However, these only pertain to short-term effects and these changes 
may not persist overtime. Therefore, it may be the case that the influence of these constructs on 
behavior should not be discounted based on these findings alone however more research is 
needed to determine whether interventions designed to target implicit attitudes and motivation 
can lead to long lasting changes in cognition and behavior.  
Unlike the TPB, in the IBCM, autonomous motivation emerged as a new distal target of 
intention formation through both perceived behavioral control and affective attitudes. However, 
it is not well justified to expect autonomous motivation would precede either the development of 
perceived behavioral control or affective attitude in research that tests the causal links between 
variables (i.e., experimental randomized controlled trials). Theoretically, and in terms of 
measurement, intrinsic motivation – the most autonomous form of motivation –  predisposes 
some former engagement in a behavior due to enjoyment and satisfaction from participation 
(Hagger et al., 2014; Ryan & Deci, 2000). For physically taxing behaviors, such as moderate to 
vigorous physical activity, it is unlikely that initial attempts are enjoyable, especially for 
individuals who do not have good cardiorespiratory endurance (Rhodes, 2017). For example, 
physical fatigue during and after exercise is one of the most commonly reported barriers to 
continued engagement in college students who should be in their health prime in comparison 
with their later years (Ebben & Brudzynski, 2008). Additionally, people start exercising for a 
variety of reasons aside from enjoyment such as for physical appearance, which is the highest 
ranked reason for beginning to exercise across the lifespan (Gavin, Keough, Abravanel, 
Moudrakovski, & Mcbrearty, 2014). Therefore, autonomous motivation in and of itself may not 
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be a viable target for the majority of individuals in terms of changing behavior as it may not 
reflect their underlying goals. Most importantly, it is unlikely that individuals are motivated to 
perform a behavior and engage in a behavior prior to developing a positive attitude towards said 
behavior (e.g., the MODE model presumes that people act on their attitudes when they are 
motivated and have the opportunity to do so; Fazio & Towles-Schwen, 1999). Not to mention, 
that a feeling of competence (i.e., perceived behavioral control) is a theoretical pre-requisite of 
the development of fully autonomous motivation (Ryan & Deci, 2000), which has been 
supported in intervention research (Fortier, Duda, Guerin, & Teixeria, 2012). However, it should 
be noted the causal pathways as specified within the IBCM are more theoretically appropriate 
when considering less autonomous forms of motivation (i.e., partially controlled motivations) 
such as identified (i.e., valuing the outcomes of a behavior).  
Perhaps more appropriate behavioral targets for interventions would be superior in terms 
of supporting the three basic needs (i.e., autonomy or freedom of choice; competence or feeling 
of possible mastery; relatedness or feeling that one’s actions creates connections with others) of 
which autonomy and competence are needed for the development of autonomous motivation 
(Ryan & Deci, 2000). Through this process, individuals may develop more positive attitudes 
towards a behavior and perceive themselves as being more competent to follow through with 
behavioral enactment (i.e., perceived behavioral control). Importantly, this tactic would not 
exclude individuals whose primary motivation for beginning to exercise is not for fun or 
enjoyment. That is, perhaps affective attitudes and perceived behavioral control precede 
autonomous motivation. This notion has been partially supported by previous physical activity 
research, as autonomous motivation mediates the relationship between psychological needs 
obtainment and behavioral intention and behavior (Fortier et al., 2012; Hagger et al., 2014; 
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Wilson, Mack, Muon, & LeBlanc, 2007). Similarly, Phillips and colleagues (2016) found that 
initiators who find exercise more enjoyable are more likely to exercise because they are more 
likely to intend to do so. The relationships proposed within the IBCM model and the proposed 
alternative route to developing positive attitudes and perceived competence regarding exercising 
will need to be tested in future research to determine the causal direction of specified paths using 
experimental methods. 
Comparison with Maintainers 
 It was hypothesized that the antecedents of behavior as predicted by the IBCM would 
more accurately reflect initiators in comparison with maintainers. This hypothesis was supported 
across all model comparisons as there were more significant paths in the hypothesized direction 
for initiators in comparison with maintainers. In general, the relationship between intrinsic 
motivation was not related to perceived behavioral control for maintainers. That is, maintainers 
who exercised because they found it fun did not feel more competent in their exercise ability. 
Additionally, perceived behavioral control and descriptive subjective norms did not predict 
intention to exercise for maintainers. That is, maintainers did not intend to exercise more when 
they felt more confident or when they perceived that others were doing so. Finally, intentions did 
not predict action planning for maintainers, and intention was related to behavior in fewer 
models for maintainers in comparison with initiators. Therefore, and as hypothesized, the targets 
to promote behavior differ between initiators and maintainers.  
 As expected, the theoretical antecedents of behavior varied according to individuals’ 
stage of change. Specifically, the IBCM was a better fit for the data when considering 
individuals who are just starting to exercise versus individuals who have been exercising for 
some time. This finding adds further evidence to the literature suggesting that theories of health 
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behavior change should not be utilized as a one-size-fits-all solution to promoting behavioral 
engagement (Phillips et al., 2016; Prochaska & DiClemente, 1982; Rothman, 2000; Rothman et 
al., 2004; Schwarzer, 2008). To that end, while theories of behavioral initiation may provide 
viable targets for beginning to change behavior through intention formation (e.g., perceived 
behavioral control and attitudes), additional targets will need to be addressed to translate these 
initial intentions and behavior change efforts to long-term behavioral engagement. This research 
has identified identity as a potential target in this regard. 
Mechanisms of Behavior for Maintainers  
 Both habit and identity have been identified as being important for sustained behavioral 
engagement, specifically for complex behaviors such as physical activity (Rhodes, 2017). 
However, the unique influences of habit and identity, their relationship with each other, and 
when each is most likely to impact physical activity has yet to be assessed. Specifically, I 
hypothesized that habit strength would predict exercise engagement (duration) in maintainers 
when their overall contexts were stable, whereas exercise identity would predict exercise 
engagement in maintainers when their overall contexts were variable (when habit formation and 
execution is less possible).  
 These hypotheses were first assessed by examining the influence of habit and identity on 
behavior separately, as moderated by context stability. Regarding habit, the hypothesis was not 
supported. First, habit did not predict behavior in and of itself in the majority of models (i.e., 
either daily or weekly). Second, maintainers did not engage in more physical activity when they 
had strong habits and were also embedded in more stable contexts (i.e., either daily or weekly). 
Some moderation effects did occur but they were counter to the hypothesized directionality (i.e., 
range R2 change for non-significant moderation effects: .00-.03; range in R2 change for 
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significant moderation effects: .04-.08). These significant values correspond to a small increase 
in the variance explained in the model with the addition of the moderator (Ferguson, 2009). 
Support may not have been found for the hypothesis that individuals who were embedded in 
stable contexts would have a stronger relationship between habit and exercise behavior due to the 
lack of precision in the measurement of contextual stability (see limitations section). An 
additional limitation is that analyses that utilized any of the weekly assessments as an outcome 
was below the sample size threshold determined by the a priori power analysis (N = 152). That 
is, weekly assessments of exercise ranged from 104-131 responses. Finally, restriction of range 
for both the independent and outcome variable may have influenced the results (see limitations 
section; Sackett, Lievens, Berry, & Landers, 2007). 
 Regarding identity, the hypothesis that identity would directly predict behavior was 
supported more strongly in models that utilized daily contextual stability than models that 
utilized weekly contextual stability. Likewise, in terms of moderation, the hypothesis was 
supported more strongly in the models that utilized daily contextual stability in comparison with 
models that utilized weekly contextual stability as a moderator. That is, identity had a stronger 
association with physical activity engagement when individuals were not embedded in stable 
daily contexts (e.g., the structure of their day varied from day-to-day). The moderation effects 
varied in their contribution to the overall model (i.e., range R2 change for non-significant 
moderation effects: .00-.02; range in R2 change for significant moderation effects: .03-.08). These 
significant moderation values correspond to a small increase in the variance explained in the 
model with the addition of the moderator (Ferguson, 2009). The limitations presented above for 
hypothesis 1 also apply here (i.e., sample size, measurement, and range restriction; see 
limitations section below). Interestingly, for both Hypothesis 1 and Hypothesis 2, the majority of 
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effects occurred when utilizing week 1 data. It is possible that this is because this outcome 
variable was the least restricted in terms of variability of scores for maintainers (see Table 4; 
Sackett, Lievens, Berry, & Landers, 2007) 
 To assess the unique predictive influence of habit and identity on physical activity as 
moderated by context stability, a structural equation model was conducted in which both of these 
moderated relationships were included. The hypothesis that individuals with stronger habits 
would engage in more physical activity when they were embedded in stable contexts was 
supported in 31.3% of tested models regarding daily stability. Meanwhile, the hypothesis that 
individuals with stronger exercise identities would engage in more physical activity when they 
were embedded in more variable contexts was supported in 56.3% of models regarding daily 
stability. The percent of moderated relationships that were significant are similar to the results 
found for both hypothesis 1 and 2, and variations may be due to the inclusion of measurement 
error in structural equation modelling which leads to an increase in statistical power (Ellis, 
2010). For both identity and habit, the moderating effect of context stability only occurred for 
daily context stability (16 models total) and not for weekly stability (16 models total)—as was 
the case across the majority of hypotheses including context stability (i.e., Hypothesis 1 and 
Hypothesis 2). This may be due to the fact that daily stability would afford more habit learning 
opportunities in comparison with weekly stability. Across hypotheses, the influence of identity 
on behavior as moderated by context stability was more robustly observed than the influence of 
habit on behavior as moderated by context stability. This may be because, depending on their 
chosen cue, college students may not have ample time to develop strong habits given that their 
routines likely shift between semesters. Additionally, these findings may be because identity 
serves as a protective factor for habit engagement (e.g., motivating routine pairings of a cue and 
115 
a behavior) and sustainment (e.g., acting on a chosen cue even if the circumstances are not ideal), 
something that was not addressed in the present study. 
 Exercise-related habit and identity have both been previously identified as important for 
behavioral maintenance (Rhodes, 2017). However, this is the first known study to assess them 
simultaneously with regards to when these factors influence behavior. In general, it was found 
that identity predicted exercise behavior even more strongly when contexts were variable than 
when contexts were stable. However, these results need to be interpreted with caution as they 
were not robust across the entirety of the multiverse analysis. For individuals who have variable 
daily contexts (i.e., the days of their week are not scheduled the same), it may be possible that 
traditional habit interventions may not be the most appropriate means of targeting sustained 
health behaviors. For example, cues may work on some days but not others (e.g., for nurses the 
end of work may be a feasible time to exercise some days but not others), which may disrupt 
cue-behavior associations. It is possible that an intervention that targets identity would be more 
appropriate for these individuals.  
 In the data, the relationship between habit and exercise engagement was moderated by 
daily contextual stability for maintainers. This is a result that needs to be interpreted with caution 
as it was not robust across the multiverse analysis. However, it appears that habit development is 
more feasible for individuals whose days are similar in terms of scheduling across the week. This 
makes sense theoretically as this would afford more opportunity for cue-behavioral pairings, 
which would lead to the development of an automatic association. For these individuals, action 
planning interventions may be more appropriate. However, it is still unknown whether action 
planning interventions are enough (or can be enhanced) to first promote habit development and 
second to promote identity development, which should be targeted either indirectly or directly to 
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ensure that health behaviors are sustained across short- and long-term cue-behavior disruptions 
(Acland and Levy 2015; Fredslund & Leppin, 2019). 
Comparison with Initiators 
 It was hypothesized that the relationships between habit, identity, and physical activity as 
moderated by contextual stability would more strongly represent the antecedents of behavior for 
maintainers than for initiators. However, this hypothesis could not be assessed in full as the 
measurement model did not fit the data well once initiators were included in the model, 
providing some preliminary support the hypothesis. This was true both for models that 
constrained factor loadings on the latent factors of habit and identity to be the same between 
maintainers and initiators and for models that allowed these factor loadings to vary. Further 
inspection revealed that items designed to assess habitual instigation of physical activity (i.e., 
Self-Report Behavioral Automaticity Index (SRBAI; Gardner et al., 2012) did not load as 
strongly onto the latent factor of habit for initiators in comparison with maintainers. Factor 
loadings for the latent factor of identity were very similar across maintainers and initiators. Due 
to this discrepancy, the hypothesis was not assessed as differences could be due to differences in 
what the SRBAI is measuring in maintainers versus initiators or differences in the proposed 
‘causal’ direct or moderated paths. This may be problematic when considering cross-sectional 
between-persons analyses for individuals who vary according to stage of change but also for 
within-person analyses in intervention studies where habit and behavioral frequency is expected 
to develop over time (i.e., an individual enters the study as an initiator but leaves the study as a 
maintainer). It should be noted that full measurement invariance was not assessed in this study 
(i.e., scalar invariance, item means are the same across groups, was not assessed). Alternatively, 
these results may be due to a lack of variance in SRBAI scores for initiators as they are less 
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likely to have formed exercise-related habits (Sackett, Lievens, Berry, & Landers, 2007). This 
suggests that it may be more appropriate to examine the sample as a whole, rather than 
dichotomize the sample based on stage of change.  
Limitations  
One of the primary limitations of the present study is that the desired sample size was not 
achieved due to the impositions placed on data collection by the COVID-19 pandemic. This is 
especially true when considering the weekly assessments of behavior. Collecting data during the 
pandemic was deemed inappropriate given that the contextual shifts occurring could undermine 
individuals’ exercise and exercise-related routines. Therefore, it is unlikely that the sample that 
could have been collected during the pandemic would have been representative of the rest of the 
sample. In fact, preliminary data has shown that approximately 30% of individuals surveyed in 
the United States reported exercising less than usual during April, 2020 (Gough, 2020).  
Another limitation is that the current data were collected using college students, which 
may not be generalizable to other populations in terms of magnitudes of effect sizes (Henrich, 
Heine, & Norenzayan, 2010; Peterson, 2001). In fact, college students are generally outliers in 
comparison to the global population. Of particular importance to the current research is the 
notion that routines of college students likely shift more often than the general population (i.e., 
from semester to semester). Thus, depending on their chosen cue, it is possible that habit 
development and sustainment is less feasible for some of these individuals. Therefore, the utility 
of the IBCM and its extension will need to be assessed in additional populations such as in 
young adults who do not attend college or older adults. However, it is still important to 
understand the mechanisms of behavior change for college students as approximately half of 
American college students are insufficiently active and obesity rates increase across college 
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years suggesting that that they are a group in need of lifestyle related interventions (Keating, 
Guan, Piñero, & Bridges, 2005; Lloyed-Richardson, Bailey, Fava, & Wing, 2008).  
Finally, with regards to sample, the current study artificially dichotomized individuals 
based on their score on a Stage of Change measure (Prochaska & DiClemente, 1982). That is, 
maintainers were classified as having regularly engaged in exercise for at least six consecutive 
months and initiators were classified as those who exercise, at least some, but have not been 
doing so for at least six consecutive months as hypothesized by the Transtheoretical Model. 
However, researchers do not know when mechanisms of behavior engagement specific to 
maintainers, such as habit and identity, form. In fact, the formation of these constructs likely 
depends on both the behavior and the person (habit: Lally, Van Jaarsveld, Potts, & Wardle, 
2010). Therefore, it is possible that some initiators already had strong exercise habits and 
identity. However, when looking at observed frequencies for the Self-Report Behavioral 
Automaticity Index (i.e., Habit) only 6.8% of initiators scored an average of four or above, which 
is the threshold for habit development. In comparison, 40% of maintainers scored an average of 
four or above for habit. More initiators scored above the scale mid-point for identity in 
comparison with habit (i.e., 17.4%). However, this was substantially lower than the 75% of 
maintainers who scored similarly. Additionally, maintainers exercised significantly more than 
initiators at all behavioral time points. Thus, there is at least some evidence that our method of 
distinguishing between initiators and maintainers was valid in the current sample.  
 Regarding the study method, although these groups have been shown to vary on key 
mechanisms of behavior and behavior itself in this current study, dichotomization can still be 
problematic. Specifically, this method may have resulted in range restriction and, in turn, 
reduced sensitivity to detect underlying relationships between the constructs of interest (Sackett, 
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Lievens, Berry, & Landers, 2007). Therefore, assessing a wider range of individuals may be 
beneficial. For example, initiators could be conceptualized as individuals who are thinking about 
starting to exercise or who exercise irregularly. In contrast, maintainers could be conceptualized 
as individuals who have been exercising regularly for at least 3 consecutive months. 
Alternatively, analyses could be conducted with the entire sample instead of splitting the sample 
into groups. 
 In terms of the prospective observational method that was used, perhaps the most obvious 
limitation to the current study is that it does not allow causal inferences to be made. That is, the 
present study cannot conclude that any given independent variable causes the dependent 
variable. Instead it can only conclude that these variables are or are not related to each other in 
this data.  
 In terms of measurement, there are several limitations that need to be discussed. First, the 
IBCM and the TPB were only assessed with one of the three intention items and both 
instrumental attitude and injunctive subjective norms were not assessed. It is possible that results 
from structural equation models that focused on the other intention items, instrumental attitude, 
or injunctive subjective norms would differ from the relationships that were found in the present 
study. However, the intention item was chosen because it was the most face valid and affective 
attitudes and descriptive subjective norms were chosen – over instrumental attitudes and 
injunctive subjective norms – as they have been shown to be more strongly related to intentions 
in previous research and thus likely represent more optimal targets for interventions (e.g., Lowe 
et al., 2019). Additionally, the construct of autonomous motivation was assessed using intrinsic 
motivation only and both identified and integrated regulations were not assessed within any of 
the hypothesized models. This decision was made because intrinsic motivation loaded separately 
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from identified and integrated motivations in an exploratory factor analysis and because intrinsic 
motivation is the most autonomous form of motivation. Data will be made available to other 
researchers who are interested on the influence of these excluded items and variables within the 
context of either the IBCM or the TPB. 
 Further, the items that were created to assess daily and weekly contextual stability were 
very general in nature (i.e., (1) ‘How much do your activities and context/location differ from 
weekday-to-weekday (how different are your Mondays from your Tuesdays and Wednesdays, 
etc.)?’, and (2) ‘Even if your weekdays look different from each other (your Monday schedule 
may be quite different from your Friday schedule), how similar are your Mondays from week-to-
week, how similar are your Fridays from week-to-week, etc.?’). Therefore, it is likely that we did 
not capture contextual stability with precision. Detailed timing data on individuals’ typical 
routines (e.g., time that they eat their first meal, eat their last meal, wake up, go to sleep, have 
classes, etc. each day of an average week) was collected in an attempt to account for this lack of 
precision. However, due to the complexity of this data, it has yet to be scored or analyzed.  
 Finally, traditional IATs were used to assess the implicit constructs of attitude and 
motivation. Although IATs are the traditional standard for the measurement of implicit 
constructs, they are also associated with various drawbacks. These include the use of difference 
scores, variation in scores depending on person-level factors, such as cognitive fluency, age, and 
past experience have been found to influence IAT results as well as the findings that IAT scores 
are typically weak predictors of behavior (Edwards, 2001; Nosek et al., in press).  
Future Directions  
 There is a dire need for researchers to continue to refine and develop health behavior 
change theories to specify more important intervention targets for initiators and for including a 
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maintenance phase of behavior change where appropriate intervention targets are specified 
(Rothman et al., 2004; Sheeran & Webb, 2016). The IBCM represents an attempt to at least 
improve the prediction and toolbox of behavior targets for changing behavior with regards to 
initial attempts (Hagger & Chatzisarantis, 2014). However, the present study has shown that the 
IBCM does not improve upon its theoretical predecessor – the Theory of Planned Behavior 
(Ajzen, 1991). That is, the IBCM does not add any unique direct predictors of behavior itself. 
Another issue is the theoretical assumption made by the IBCM that autonomous motivation 
precedes the development of perceived behavioral control, attitude, and subjective norms (i.e., 
either injunctive or descriptive; Hagger & Chatzisarantis, 2014). This has yet to be theoretically 
or empirically well justified, and experimental research may be needed to test whether this 
contribution made by the IBCM is specified correctly. Future research should also examine the 
utility of targeting the three basic psychological needs (autonomy, competence, and relatedness: 
as specified by Self-Determination Theory; Ryan & Deci, 2000) for improving autonomous 
motivation through changing perceived competence and attitudes towards a behavior. Targeting 
autonomous motivation through these needs is of the upmost importance as it has shown to be an 
important mechanism of behavioral engagement for both initiators and maintainers (through 
intentions for initiators and through habit for maintainers; Phillips et al., 2016). Further, 
additional theories such as the Health Action Process Approach will need to be assessed if they 
already include a maintenance phase of behavior change as well as the traditional initiation phase 
(Schwarzer, 2016). However, with regards to the Health Action Process Approach, this theory 
will likely need to be extended to include additional impulsive and reflective mechanisms of 
maintenance such as habit and identity on top of the reflective determinants that are already 
hypothesized (i.e., coping and recovery self-efficacy). Researchers may also want to assess the 
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importance of impulsive constructs in the initiation phase of behavior change when assessing 
theories such as the Health Action Process Approach to determine if they add a unique 
contribution to the prediction of behavior. However, in the present study these impulsive 
initiation constructs did not contribute to the prediction of behavior.  
 Future research will also need to test the developmental trajectory for exercise-related 
identity and habit to determine not only when in the behavior change process these constructs are 
likely to develop but also whether traditional habit interventions (i.e., action planning) are 
enough to facilitate the development of identity. It is currently unknown whether identity plays a 
role in the development of habit, whether habit plays a role in the development of identity, or 
whether both processes occur independently. Preliminary findings from this study suggest that 
identity may develop on average before habit (i.e., more initiators reported having stronger 
identities than stronger habits). Therefore, it may be an important factor in supporting habit 
development, perhaps by limiting cue-behavior lapses in the habit development phase. This 
notion is supported by identity theory as our identities play a role in defining our goals and 
regulating behavioral performance (Higgins, 1987; Rhodes et al., 2016; Stets & Burke, 2000). As 
mentioned, the influence of action planning interventions on identity development will need to 
be tested in comparison with interventions that target identity more directly (e.g., Husband et al., 
2019) to determine whether the additional ‘active components’ are needed in habit-interventions 
that are aiming to facilitate behavior maintenance. Moreover, future research should utilize other 
variations of the IAT or reaction time measures to alleviate some of the concerns associated with 
the IAT. This may include the single-category IAT, which does not rely on computing difference 
scores for interpretation (Karpinski & Steinman, 2006). 
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Conclusion  
 The purpose of the present study was two-fold: first, to investigate the unique predictive 
capabilities of exercise-related habit and identity for behavior and when these influences are 
more likely to matte and second, to investigate the predictive utility of the Integrated Behavior 
Change Model in and of itself and in comparison, with its theoretical predecessor – the Theory of 
Planning Behavior. Although there are important limitations within the present study that need to 
be recognized and addressed in future research, the results highlight some important 
considerations for the field of health psychology and more specifically the psychology of 
behavior change. Most importantly, as initially proposed by Rothman (2000; 2009), the 
mechanisms of behavioral engagement differ between initiators and maintainers. This is not the 
first study to present such findings, nor is it likely to be the last (e.g., Phillips et al., 2016). 
Theories need to account for and specify these differences to facilitate the development of more 
precise prediction of behavior, but they also need to specify better targets for behavioral 
interventions not only in terms of maintenance but also with regards to initial behavior change 
efforts. More specifically, the IBCM did not do a better job of directly predicting behavior than 
the Theory of Planned Behavior in the present study. This is important to note as interventions 
targeting constructs from the Theory of Planned Behavior do not engender changes in actual 
behavior (e.g., Sniehotta, 2009; Kinmonth et al., 2008). It should be noted that the IBCM adds 
action planning, a known technique to promote habit formation, to the Theory of Planned 
Behavior which likely represents a better behavioral target than intention formation in and of 
itself (Gollwitzer & Sheeran, 2006). However, this is not a unique contribution in and of itself 
given that action planning has been added to the Theory of Planned Behavior by others as a 
method of bridging the intention-behavior gap through both mediational and moderation 
124 
processes (e.g., Norman & Conner, 2005). Thus, the present study suggests that the Theory of 
Planned Behavior should be given precedence over the IBCM because it is more parsimonious. 
However, since interventions based on the Theory of Planned Behavior and other social 
cognitive frameworks have been shown to be less than ideal in terms of changing behavior (e.g., 
Sniehotta, 2009; Kinmonth et al., 2008), it is of the upmost importance that researchers continue 
the development and refinement of health behavior change theory to improve the capability to 
predict behavior and to improve the possible intervention targets in theoretically-based 
interventions. 
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APPENDIX A. SELF-REPORT MEASURES  
Demographics Questionnaire 
 
Please answer the following questions about yourself: 
 
 
1.   What is your age (in years):  (_______) 
 
2.   What is your ethnicity (please check all that apply): 
❏ - European American 
❏ - African American 
❏ - Native American 
❏ - Latin American 
❏ - Middle Eastern 
❏ - Asian 
 
3.: What is your race 
 ❏ - Hispanic 
❏ - Non-Hispanic 
 
4. Are you a NCAA (National Collegiate Athletic Association) athlete 
 ❏ - Yes 
❏ - No 
 
5.   Please indicate your gender identity by choosing your preferred gender pronouns 
 ❏ - He/His 
❏ - She/Her 
❏ - They/Their 
❏ - Other (please specify): (_______) 
 
6.   Please indicate your biological sex (i.e., what sex were you assigned at birth): 
 ❏ - Male 
❏ - Female 
❏ - Other (please specify): (_______) 
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Stages of Change Questionnaire 
 
Please tell us which option most closely fits you currently (Note: ‘Regular exercise’ = 3 or more times per 
week for at least 30 minutes at a moderate or greater intensity each time). Please note that there are no 
right or wrong answers and no trick questions. We simply want to know about you. 
 
❏  - I currently do not exercise and I do not intend to start 
❏  - I currently do not exercise, but I am thinking about starting 
❏  - I currently exercise some, but not regularly (regularly is 3X per week or more) 
❏  - I currently exercise regularly, but I have only begun doing so within the past 6 months 
❏  - I currently exercise regularly, and I have been doing so for longer than 6 consecutive months 
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Attitude 
 
Please be sure to check the ends of the scale for EACH item (what 1 represents versus what 7 
represents changes with each item). Please note that there are no right or wrong answers and no 
trick questions. We simply want to know how you personally feel about exercise. 
 
“EXERCISE” is defined as 30+ minutes of moderate to vigorous intensity activity in a day. Please 
use this definition of exercise as you answer the questions below. 
 
Over the next two weeks, engaging in physical activity on a regular basis would be: 
1. 1 
Boring 
2 3 4 5 6 7 
Interesting 
2. 1 
Unenjoyable 
2 3 4 5 6 7 
Enjoyable 
3. 1 
Stressful 
2 3 4 5 6 7 
Relaxing 
4. 1 
Harmful 
2 3 4 5 6 7 
Beneficial 
5. 1 
Useless 
2 3 4 5 6 7 
Useful 
6. 1 
Foolish 
2 3 4 5 6 7 
Wise 
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Subjective Norms 
Please note that there are no right or wrong answers and no trick questions. We simply want to 
know how you personally feel about others expectations about your exercise. 
 
“EXERCISE” is defined as 30+ minutes of moderate to vigorous intensity activity in a day. Please 
use this definition of exercise as you answer the questions below. 
 
(1) ‘Most people in my social network want me to exercise regularly in the next two weeks’ 
❏  - Not true for me 
❏  - A little true for me 
❏  - Somewhat true for me 
❏  - Quite true for me 
❏  - Very true for me 
 
(2) ‘Most people in my social network would approve if I exercised regularly in the next two weeks’ 
❏  - Not true for me 
❏  - A little true for me 
❏  - Somewhat true for me 
❏  - Quite true for me 
❏  - Very true for me 
 
(3) ‘Most of my friends exercise regularly’ 
❏  - Not true for me 
❏  - A little true for me 
❏  - Somewhat true for me 
❏  - Quite true for me 
❏  - Very true for me 
 
(4) ‘Most of my family members exercise regularly’ 
❏  - Not true for me 
❏  - A little true for me 
❏  - Somewhat true for me 
❏  - Quite true for me 
❏  - Very true for me 
 
(5) ‘Most of my college peers exercise regularly’. 
❏  - Not true for me 
❏  - A little true for me 
❏  - Somewhat true for me 
❏  - Quite true for me 
❏  - Very true for me 
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Perceived Behavioral Control 
 
Please be sure to check the ends of the scale for EACH item (what 1 represents versus what 7 
represents changes with each item). Please note that there are no right or wrong answers and no 
trick questions. We simply want to know how you personally feel about exercise. 
 
“EXERCISE” is defined as 30+ minutes of moderate to vigorous intensity activity in a day. Please 
use this definition of exercise as you answer the questions below. 
 
 
(1) ‘How confident are you that you will be able to exercise regularly in the next two weeks’ 
 
❏  - Very Confident 
❏  - 2 
❏  - 3 
❏  - 4 
❏  - 5 
❏  - 6 
❏  - Very Unconfident 
 
(2) ‘How confident are you over the next two weeks that you could overcome obstacles that 
prevent you from exercising regularly’ 
 
❏  - Very Confident 
❏  - 2 
❏  - 3 
❏  - 4 
❏  - 5 
❏  - 6 
❏  - Very Unconfident 
 
 
(3) ‘I believe that I have the ability to regularly exercise in the next two weeks’ 
 
❏  - True 
❏  - 2 
❏  - 3 
❏  - 4 
❏  - 5 
❏  - 6 
❏  - False 
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Intention 
 
Please note that there are no right or wrong answers and no trick questions. We simply want to 
know how you personally feel about exercising in the future. 
 
“EXERCISE” is defined as 30+ minutes of moderate to vigorous intensity activity in a day. Please 
use this definition of exercise as you answer the questions below. 
 
(1) ‘In the next two weeks, my goal is to exercise’ 
❏  - True 
❏  - 2 
❏  - 3 
❏  - 4 
❏  - 5 
❏  - 6 
❏  - False 
 
(2) ‘Over the next two weeks, I intend to exercise (_______) times per week’ 
 
(3) ‘I intend to exercise at least every other day over the next two weeks’. 
❏  - True 
❏  - 2 
❏  - 3 
❏  - 4 
❏  - 5 
❏  - 6 
❏  - False 
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Action Planning 
 
Please note that there are no right or wrong answers and no trick questions. We simply want to 
know how you personally feel about exercising in the future. 
 
“EXERCISE” is defined as 30+ minutes of moderate to vigorous intensity activity in a day. Please 
use this definition of exercise as you answer the questions below. 
 
I have made a detailed plan regarding… 
(1) ‘…when to exercise’ 
 
❏  - Strongly agree 
❏  - Agree 
❏  - Neither agree nor disagree 
❏  - Disagree 
❏  - Strongly disagree 
 
(2) ‘…where to exercise’ 
 
❏  - Strongly agree 
❏  - Agree 
❏  - Neither agree nor disagree 
❏  - Disagree 
❏  - Strongly disagree 
 
(3) ‘…how to exercise’ 
 
❏  - Strongly agree 
❏  - Agree 
❏  - Neither agree nor disagree 
❏  - Disagree 
❏  - Strongly disagree 
 
(4) ‘…how often to exercise’ 
 
❏  - Strongly agree 
❏  - Agree 
❏  - Neither agree nor disagree 
❏  - Disagree 
❏  - Strongly disagree 
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Behavioral Regulation in Exercise Questionnaire 
 
We are interested in the reasons underlying people’s decisions to engage or not engage in physical 
exercise. Using the scale below, please indicate to what extent each of the following items is true for you. 
Please note that there are no right or wrong answers and no trick questions. We simply want to 
know how you personally feel about exercise. 
 
“EXERCISE” is defined as 30+ minutes of moderate to vigorous intensity activity in a day. Please 
use this definition of exercise as you answer the questions below. 
 
            Not true          Sometimes     Very true 
                                                  for me           true for me           for me 
  
1 It’s important to me to exercise regularly 1 2 3 4 5 
   
2 I don’t see why I should have to exercise 1 2 3 4 5 
 
3 I exercise because it’s fun 1 2 3 4 5 
 
4 I feel guilty when I don’t exercise 1 2 3 4 5 
 
5 I exercise because it is consistent with 1 2 3 4 5 
        my life goals 
 
6 I exercise because other people say I should 1 2 3 4 5 
  
7 I value the benefits of exercise 1 2 3 4 5 
  
8 I can’t see why I should bother exercising 1 2 3 4 5 
 
9 I enjoy my exercise sessions 1 2 3 4 5 
 
10 I feel ashamed when I miss an exercise session 1 2 3 4 5 
 
11 I consider exercise part of my identity 1 2 3 4 5 
 
12 I take part in exercise because my 1 2 3 4 5 
 friends/family/partner say I should 
 
13 I think it is important to make the effort to 1 2 3 4 5 
 exercise regularly 
 
14 I don’t see the point in exercising 1 2 3 4 5 
  
15 I find exercise a pleasurable activity 1 2 3 4 5 
 
16 I feel like a failure when I haven’t 1 2 3 4 5 
 exercised in a while 
  
17 I consider exercise a fundamental part of 1 2 3 4 5 
 who I am 
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18 I exercise because others will not be  1 2 3 4 5 
        pleased with me if I don’t 
 
19 I get restless if I don’t exercise regularly 1 2 3 4 5 
 
20 I think exercising is a waste of time 1 2 3 4 5 
 
21 I get pleasure and satisfaction from 1 2 3 4 5 
        participating in exercise 
 
22 I would feel bad about myself if I was 1 2 3 4 5 
not making time to exercise 
 
23 I consider exercise consistent with my values 1 2 3 4 5 
 
24 I feel under pressure from my friends/family 1 2 3 4 5 
to exercise 
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Habit (SHRI) 
 
Please note that there are no right or wrong answers and no trick questions. 
 
“EXERCISE” is defined as 30+ minutes of moderate to vigorous intensity activity in a day. Please 
use this definition of exercise as you answer the questions below. 
 
Deciding to exercise is something… 
 
(1) ‘…I do automatically’ 
 
❏  - Strongly agree 
❏  - Agree 
❏  - Neither agree nor disagree 
❏  - Disagree 
❏  - Strongly disagree 
 
 
(2) ‘…I start doing before I realize I’m doing it’ 
 
❏  - Strongly agree 
❏  - Agree 
❏  - Neither agree nor disagree 
❏  - Disagree 
❏  - Strongly disagree 
 
 
(3)‘…I do without having to consciously remember’ 
 
❏  - Strongly agree 
❏  - Agree 
❏  - Neither agree nor disagree 
❏  - Disagree 
❏  - Strongly disagree 
 
 
(4) ‘…I do without thinking’ 
 
❏  - Strongly agree 
❏  - Agree 
❏  - Neither agree nor disagree 
❏  - Disagree 
❏  - Strongly disagree 
  
152 
 
Habit (EHS) 
 
Please note that there are no right or wrong answers and no trick questions. 
 
“EXERCISE” is defined as 30+ minutes of moderate to vigorous intensity activity in a day. Please 
use this definition of exercise as you answer the questions below. 
 
In the past month: 
 
(1)‘My exercise location changed from day to day’ 
 
❏  - Never 
❏  - 2 
❏  - Sometimes 
❏  - 4 
❏  - Always 
 
(2) ‘I worked out by myself’ 
 
❏  - Never 
❏  - 2 
❏  - Sometimes 
❏  - 4 
❏  - Always 
 
(3)‘The time of day I worked out varied from day to day’ 
 
❏  - Never 
❏  - 2 
❏  - Sometimes 
❏  - 4 
❏  - Always 
 
(4) ‘My exercise location differed on weekend and weekdays’ 
 
❏  - Never 
❏  - 2 
❏  - Sometimes 
❏  - 4 
❏  - Always 
 
(5) ‘I varied my exercise routine by performing different exercise on different days’ 
 
❏  - Never 
❏  - 2 
❏  - Sometimes 
❏  - 4 
❏  - Always 
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(6) ‘Every day that I exercised, I performed the same exercise(s) 
 
❏  - Never 
❏  - 2 
❏  - Sometimes 
❏  - 4 
❏  - Always 
 
(7) ‘I exercised with a partner’ 
 
❏  - Never 
❏  - 2 
❏  - Sometimes 
❏  - 4 
❏  - Always 
 
(8) ‘I exercised as part of a group (with two or more friends or as part of a class) 
 
❏  - Never 
❏  - 2 
❏  - Sometimes 
❏  - 4 
❏  - Always 
 
(9) ‘The time of day I worked out stayed the same from day to day’ 
 
❏  - Never 
❏  - 2 
❏  - Sometimes 
❏  - 4 
❏  - Always 
 
(10) ‘My exercise location stayed the same from day to day’ 
 
❏  - Never 
❏  - 2 
❏  - Sometimes 
❏  - 4 
❏  - Always 
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Identity 
 
Please note that there are no right or wrong answers and no trick questions. 
 
“EXERCISE” is defined as 30+ minutes of moderate to vigorous intensity activity in a day. Please 
use this definition of exercise as you answer the questions below. 
 
 
(1) ‘I consider myself an exerciser 
 
❏  - Strongly agree 
❏  - Agree 
❏  - Neither agree nor disagree 
❏  - Disagree 
❏  - Strongly disagree 
 
(2) ‘When I describe myself to others, I usually include my involvement in exercise 
 
❏  - Strongly agree 
❏  - Agree 
❏  - Neither agree nor disagree 
❏  - Disagree 
❏  - Strongly disagree 
 
(3) ‘Others see me as someone who exercises regularly’ 
 
❏  - Strongly agree 
❏  - Agree 
❏  - Neither agree nor disagree 
❏  - Disagree 
❏  - Strongly disagree 
 
(4) ‘Regular exercise fits the way I want to live’. 
 
❏  - Strongly agree 
❏  - Agree 
❏  - Neither agree nor disagree 
❏  - Disagree 
❏  - Strongly disagree 
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Context Stability 
 
We are interested in when you perform specific activities on weekdays (i.e., Monday-Friday). Using the 
scale below, please indicate how similar your weekdays are. 
Please note that there are no right or wrong answers and no trick questions. 
 
(1) ‘How much do your activities and context/location differ from weekday to weekday (how 
different are your Mondays from your Tuesdays and Wednesdays, etc.)?’ 
❏  - Very different, each weekday has a different schedule 
❏  - Quite different 
❏  - Somewhat different 
❏  - A little different 
❏  - Not different, all weekdays follow pretty much the same schedule 
 
(2) ‘Even if your weekdays look different from each other (your Monday schedule may be quite 
different from your Friday schedule), how similar are your Mondays from week to week, how 
similar are your Fridays from week to week, etc.?’ 
❏  - Very dissimilar, my activities and locations/context change from day to day 
❏  - A little similar (some days of the week may follow the same schedule) 
❏  - Somewhat similar 
❏  - Quite similar (most of my days are the same from week to week) 
❏  - Very similar, my weekly schedule is the same from week to week 
 
(3) ‘How settled do you feel in your routines?’ 
❏  - Very settled 
❏  - 2 
❏  - 3 
❏  - Neither settled nor unsettled 
❏  - 4 
❏  - 6 
❏  - Very unsettled 
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International Physical Activity Questionnaire Baseline 
 
Please note that there are no right or wrong answers and no trick questions. 
 
1. During the last 7 days, on how many days did you do VIGOROUS physical activities like aerobics, 
running, fast bicycling, or fast swimming in your leisure time: (_______) 
 
2. Just considering the days on which you did VIGOROUS activity, how many minutes did you engage in 
vigorous activity on average for those days (for example, if you typically spend 20 minutes doing 
vigorous activity on a day in which you exercise, put 20 min): (___________) 
 
3. During the last 7 days, on how many days did you do MODERATE physical activities like brisk 
walking, bicycling at a regular pace, swimming at a regular pace, and doubles tennis in your leisure time: 
(_______) 
 
4. Just considering the days on which you did MODERATE activity, how many minutes did you engage 
in moderate activity on average for those days (for example, if you typically spend 20 minutes doing 
moderate activity on a day in which you exercise, put 20 min: (____________) 
5. During the last 7 days, on how many days did you do LIGHT physical activities like casual walking 
pace; stretching; cleaning house; bowling: (_______) 
 
6.. Just considering the days on which you did LIGHT activity, how many minutes did you engage in 
light activity on average for those days (for example, if you typically spend 20 minutes doing light 
activity on a day in which you exercise, put 20 min): (___________) 
 
“EXERCISE” is defined as 30+ minutes of moderate to vigorous intensity activity in a day. Please 
use this definition of exercise as you answer the questions below. 
 
7. How many months in a row have you been engaging in regular exercise  (___________) 
  
157 
APPENDIX B. ACTION PLANNING SHEET  
Instructions: For the purpose of this study, we are encouraging participants to send the 
research team a photograph of their hand in the ‘thumbs up’ position in front of their 
exercise location after they finish an exercise session. 
 
Please try your best to not photograph any identifying information (i.e., your face or the 
faces of others). Instead, try to photograph exercise equipment, outside locations or 
landmarks, or the outside of the exercise facility. 
 
Please add a timestamp and your study ID number to your photograph. In SnapChat this 
can be done by using the ‘textbox’ and/or ‘sticker function’ in edit mode. On a cellular 
device, this can be done by using the ‘textbook’ function in edit mode. If you have any 
questions about how to edit your photographs to include a timestamp or your ID number, 
please ask the research assistant before leaving. 
 
(1) Whenever I exercise, I will send a photo of my location to the researchers using 
______________________(specify SnapChat or email)’. 
 
 
(2) Imagine yourself doing this. What needs to happen in order for you to be able to send the 
researchers a picture of your exercise location after you exercise: 
 
 
 
 
 
 
 
 
 
 
 
 
 
Thank you! Please send your photographs to the lab e-mail account, or add the lab Snapchat 
account and send your photographs through SnapChat 
 
Please note: Your ID number is listed on this sheet and will be needed to complete the weekly 
surveys 
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APPENDIX C. POWER ANALYSIS  
Power Analysis of Original Integrated Behavior Change Model 
 
MPlus Code for Power Analyses 
Title: Model 1 Part 1; 
MONTECARLO: 
NAMES ARE Autonomous Attitude SubjectiveNorm PerceivedControl; 
NOBSERVATIONS = 300; 
NREPS = 1000; 
SEED = 4533; 
SAVE FILE is Mode1.dat 
 
MODEL POPULATION: 
[Autonomous-PerceivedControl@0]; 
Autonomous@1; 
Attitude@.8064; 
SubjectiveNorm@.9804; 
PerceivedControl@.8556; 
Attitude ON Autonomous@.44; 
SubjectiveNorm ON Autonomous@.14; 
PerceivedControl ON Autonomous@.38; 
 
MODEL: 
[Autonomous-PerceivedControl@0]; 
Autonomous@1; 
Attitude*.8064; 
SubjectiveNorm*.9804; 
PerceivedControl*.8556; 
Attitude ON Autonomous*.44; 
SubjectiveNorm ON Autonomous*.14; 
PerceivedControl ON Autonomous*.38; 
OUTPUT: TECH9; 
 
Title: Model 1 Part 2; 
MONTECARLO: 
NAMES ARE Attitude SubjectiveNorm PerceivedControl Intention; 
NOBSERVATIONS = 300; 
NREPS = 1000; 
SEED = 4533; 
SAVE FILE is Mode1.dat 
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MODEL POPULATION: 
[Attitude-Intention@0]; 
Attitude-PerceivedControl@1; 
Intention@.8066; 
Intention ON Attitude@.37; 
Intention ON SubjectiveNorm@.06; 
Intention ON PerceivedControl@.23; 
 
MODEL: 
[Attitude-Intention@0]; 
Attitude-PerceivedControl@1; 
Intention*.8066; 
Intention ON Attitude*.37; 
Intention ON SubjectiveNorm*.06; 
Intention ON PerceivedControl*.23; 
OUTPUT: TECH9; 
 
Title: Model 1 Part 3 low estimates; 
MONTECARLO: 
NAMES ARE Intention ImplicitAttitude ImplicitMotivation ImplicitBehavior 
ActionPlanning Moderator Behavior; 
NOBSERVATIONS = 300; 
NREPS = 1000; 
SEED = 4533; 
SAVE FILE is Mode1.dat 
 
MODEL POPULATION: 
[Intention-Behavior@0]; 
Intention-Moderator@1; 
Behavior@.951764; 
Behavior ON Intention@.14; 
Behavior ON ImplicitAttitude@.11; 
Behavior ON ImplicitMotivation@.11; 
Behavior ON ActionPlanning@.044; 
Behavior ON Moderator@.05; 
 
MODEL: 
[Intention-Behavior@0]; 
Intention-Moderator@1; 
Behavior@.951764; 
Behavior ON Intention*.14; 
Behavior ON ImplicitAttitude*.11; 
Behavior ON ImplicitMotivation*.11; 
Behavior ON ActionPlanning*.044; 
Behavior ON Moderator*.05; 
OUTPUT: TECH9;  
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Title: Model 1 Part 3 high estimates; 
MONTECARLO: 
NAMES ARE Intention ImplicitAttitude ImplicitMotivation ImplicitBehavior 
ActionPlanning Moderator Behavior; 
NOBSERVATIONS = 300; 
NREPS = 1000; 
SEED = 4533; 
SAVE FILE is Mode1.dat 
 
MODEL POPULATION: 
[Intention-Behavior@0]; 
Intention-Moderator@1; 
Behavior@.795496; 
Behavior ON Intention@.21; 
Behavior ON ImplicitAttitude@.20; 
Behavior ON ImplicitMotivation@.20; 
Behavior ON ActionPlanning@.252; 
Behavior ON Moderator@.13; 
 
MODEL: 
[Intention-Behavior@0]; 
Intention-Moderator@1; 
Behavior*.795496; 
Behavior ON Intention*.21; 
Behavior ON ImplicitAttitude*.20; 
Behavior ON ImplicitMotivation*.20; 
Behavior ON ActionPlanning*.252; 
Behavior ON Moderator*.13; 
OUTPUT: TECH9; 
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APPENDIX D. IRB APPROVAL LETTER  
 
 
 
 
 
 
Date:  08/08/2019 
 
To: Kimberly More, Leigh A Phillips 
 
From: Office for Responsible Research  
 
Title: Students’ Experiences with Exercising 
 
IRB ID: 19-363 
 
Submission Type:  Initial Submission   Exemption Date:    08/08/2019 
 
 
The project referenced above has received approval from the Institutional Review Board (IRB) at Iowa State 
University according to the dates shown above. Please refer to the IRB ID number shown above in all 
correspondence regarding this study. 
 
To ensure compliance with federal regulations (45 CFR 46 & 21 CFR 56), please be sure to: 
 
• Use only the approved study materials in your research, including the recruitment materials and informed 
consent documents that have the IRB approval stamp. 
 
• Retain signed informed consent documents for 3 years after the close of the study, when documented 
consent is required. 
 
• Obtain IRB approval prior to implementing any changes to the study or study materials. 
 
• Promptly inform the IRB of any addition of or change in federal funding for this study. Approval of the 
protocol referenced above applies only to funding sources that are specifically identified in the corresponding 
IRB application.  
 
• Inform the IRB if the Principal Investigator and/or Supervising Investigator end their role or involvement 
with the project with sufficient time to allow an alternate PI/Supervising Investigator to assume oversight 
responsibility. Projects must have an eligible PI to remain open. 
 
• Immediately inform the IRB of (1) all serious and/or unexpected adverse experiences involving risks to 
subjects or others; and (2) any other unanticipated problems involving risks to subjects or others. 
 
• IRB approval means that you have met the requirements of federal regulations and ISU policies governing 
human subjects research. Approval from other entities may also be needed. For example, access to data from 
private records (e.g., student, medical, or employment records, etc.) that are protected by FERPA, HIPAA, or 
other confidentiality policies requires permission from the holders of those records.  Similarly, for research 
conducted in institutions other than ISU (e.g., schools, other colleges or universities, medical facilities, 
companies, etc.), investigators must obtain permission from the institution(s) as required by their policies. IRB 
approval in no way implies or guarantees that permission from these other entities will be granted. 
 
Institutional Review Board 
Office for Responsible Research 
Vice President for Research  
2420 Lincoln Way, Suite 202 
Ames, Iowa 50014 
515 294-4566 
FAX 515-294-4267  
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• Your research study may be subject to post-approval monitoring by Iowa State University’s Office for 
Responsible Research. In some cases, it may also be subject to formal audit or inspection by federal agencies 
and study sponsors. 
 
• Upon completion of the project, transfer of IRB oversight to another IRB, or departure of the PI and/or 
Supervising Investigator, please initiate a Project Closure to officially close the project. For information on 
instances when a study may be closed, please refer to the IRB Study Closure Policy.     
 
If your study requires continuing review, indicated by a specific Approval Expiration Date above, you should: 
 
• Stop all human subjects research activity if IRB approval lapses, unless continuation is necessary to prevent 
harm to research participants. Human subjects research activity can resume once IRB approval is re-established. 
 
• Submit an application for Continuing Review at least three to four weeks prior to the Approval Expiration 
Date as noted above to provide sufficient time for the IRB to review and approve continuation of the study. We 
will send a courtesy reminder as this date approaches. 
 
Please do not hesitate to contact us if you have questions or concerns at 515-294-4566 or IRB@iastate.edu. 
 
 
 
 
